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Preface 
 

Recently statistical knowledge has become an important requirement and occupies a 
prominent position in the exercise of various professions. Every day the professionals 
use more sophisticated statistical tools to assist them in decision making. 

In the real world, the processes have a large volume of data and are naturally 
multivariate and as such, require a proper treatment. For these conditions it is difficult 
or practically impossible to use methods of univariate statistics. 

The wide application of multivariate techniques and the need to spread them more 
fully in the academic and the business justify the creation of this book. The objective is 
to demonstrate interdisciplinary applications to identify patterns, trends, associations 
and dependencies, in the areas of Management, Engineering and Sciences.  

The book is addressed to both practicing professionals and researchers in the field.  
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1. Introduction 

This study aims to develop and validate multivariate mathematical models in order to 
monitor in real time the quality processing of derivatives in an oil refinery. 

Methods heavily based on statistical and artificial intelligence as multivariate or 
chemometric methods have been widely used in the oil industry (KIM; LEE, KIM, 2009). 
Several articles have been written about applications of multivariate analysis to predict 
properties of oil derivatives (Santos Junior et al., 2005; Chung, 2007). 

Pasadakis, Sourligas and Foteinopoulos (2006) have used the first six principal components 
of Principal Component Analysis (PCA) as input variables in nonlinear modeling of oil 
properties. 

Pasquini and Bueno (2007) have proposed a new approach to predict the true boiling point 
of oil and its degree API (American Petroleum Institute) - a measure of the relative density 
of liquids by Partial Least Squares (PLS) and Artificial Neural Networks (ANN). Samples of 
mixtures oil were obtained from various producing regions of Brazil and abroad. In this 
application, the models obtained by the PLS method were superior to neural networks. The 
short time required for prediction the properties justifies the proposed of characterization 
the oil quicker to monitor refining processes. 

Teixeira et al. (2008) in work with Brazilian gasoline used the multivariate algorithm Soft 
Independent Modeling of Class Analogy (SIMCA) for clusters analysis. Aiming to quantify 
the amount of adulteration of gasoline by other hydrocarbons, the PLS method was applied. 
Finally, the models were validated internally by cross-validation algorithm and externally 
with an independent set of samples. 

© 2012 de Freitas et al., licensee InTech. This is a paper distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.



 

Chapter 1 

 

 

 
 

© 2012 de Freitas et al., licensee InTech. This is an open access chapter distributed under the terms of the 
Creative Commons Attribution License (http://creativecommons.org/licenses/by/3.0), which permits 
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

Contributions of Multivariate Statistics  
in Oil and Gas Industry 

Leandro Valim de Freitas, Ana Paula Barbosa Rodrigues de Freitas,  
Fernando Augusto Silva Marins, Estéfano Vizconde Veraszto,  
José Tarcísio Franco de Camargo, J. Paulo Davim and Messias Borges Silva 

Additional information is available at the end of the chapter 

http://dx.doi.org/10.5772/54090 

1. Introduction 

This study aims to develop and validate multivariate mathematical models in order to 
monitor in real time the quality processing of derivatives in an oil refinery. 

Methods heavily based on statistical and artificial intelligence as multivariate or 
chemometric methods have been widely used in the oil industry (KIM; LEE, KIM, 2009). 
Several articles have been written about applications of multivariate analysis to predict 
properties of oil derivatives (Santos Junior et al., 2005; Chung, 2007). 

Pasadakis, Sourligas and Foteinopoulos (2006) have used the first six principal components 
of Principal Component Analysis (PCA) as input variables in nonlinear modeling of oil 
properties. 

Pasquini and Bueno (2007) have proposed a new approach to predict the true boiling point 
of oil and its degree API (American Petroleum Institute) - a measure of the relative density 
of liquids by Partial Least Squares (PLS) and Artificial Neural Networks (ANN). Samples of 
mixtures oil were obtained from various producing regions of Brazil and abroad. In this 
application, the models obtained by the PLS method were superior to neural networks. The 
short time required for prediction the properties justifies the proposed of characterization 
the oil quicker to monitor refining processes. 

Teixeira et al. (2008) in work with Brazilian gasoline used the multivariate algorithm Soft 
Independent Modeling of Class Analogy (SIMCA) for clusters analysis. Aiming to quantify 
the amount of adulteration of gasoline by other hydrocarbons, the PLS method was applied. 
Finally, the models were validated internally by cross-validation algorithm and externally 
with an independent set of samples. 

© 2012 de Freitas et al., licensee InTech. This is a paper distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.



 
Multivariate Analysis in Management, Engineering and the Sciences 4 

Bao and Dai (2009) studied different multivariate methods, including linear and nonlinear 
techniques in order to minimize the error of prediction by models developed for quality 
control of gasoline. Lira et al. (2010) applied the PLS method for inference of the quality 
parameters: density, sulfur concentration and distillation temperatures of the mixture diesel 
/ bio-diesel, providing great savings in time compared with the traditional methods by 
laboratory equipment. 

Aleme, Corgozinho and Barbeira (2010) have conducted a study of classification of samples 
using the PCA method for discrimination of diesel oil type and the prediction of their origin. 

Paiva Ferreira and Balestrassi (2007) have combined the Response Surface Method (RSM) of 
Design of Experiments (DOE) with Principal Component Analysis in optimizing multiple 
correlated responses in a manufacturing process. 

Huang, Hsu and Liu (2009) have used Mahalanobis-Taguchi integrated with Artificial 
Neural Networks in data mining to look for patterns and modeling in manufacturing. Pal 
and Maiti (2010) have adopted the Mahalanobis-Taguchi algorithm to reduce the 
dimensionality of multivariate data and for optimization with Metaheuristics in the 
sequence. 

Liu et al. (2007) have made inferences about quality parameters of jet fuel using Multiple 
Linear Regression (MLR) and ANN. The work showed that the performance of modeling by 
ANN was superior. 

In optimization of multivariate models, there are applications combined with Multivariate 
Analysis of Metaheuristics, such as simulated annealing (SAUNIER, et al., 2009), genetic 
algorithm (GA) (Roy, Roy, 2009) tabu search (QI; SHI; KONG, 2010), particle swarm (Pal; 
Mait, 2010), and ant colony (Goodarzi; Freitas; Jensen, 2009; Allegrini; Oliveri, 2011). 

With the objective of optimizing the dimensionality of multivariate models and avoid the 
overfitting phenomenon in determining principal components, Xu and Liang (2001) have 
used the Monte Carlo Simulation on simulated data sets and two real cases. Gourvénec et al. 
(2003) compared Monte Carlo cross-validation with the traditional method of cross 
validation to determine the appropriate number of latent variables. 

Adler e Yazhemsky (2010) have combined the Monte Carlo Simulation, PCA and Data 
Envelopment Analysis (DEA) in a context where there is a relatively large number of 
variables related to the number of observations for decision making. Llobet et al. (2005), by 
means a Multiple Criteria Decision-Making (MCDM) model, have used Fuzzy classification 
of samples of chips. For prediction oxidative and hydrolytic properties, was used an 
electronic nose based on PLS models, with prior selection of input variables by a GA 
Metaheuristic. 

Wu, Feng and Wen (2011), in studies related to Botany, compared the performance of the 
growth of a tree species - Carya Cathayensis Sarg by PCA methods and Analytic Hierarchy 
Process (AHP), identifying the advantages and the disadvantages of each method, although 
the results obtained by both have been essentially identical. 
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Zhang et al. (2006) have combined the method Preference Ranking Organization Method for 
Enrichment Evaluations (PROMETHEE), from the Elimination et la Choix Traduisant 
Réalité (ELECTRE) and Geometrical Analysis for Interactive Assistance (GAIA) with PCA 
and PLS methods to classify 67 oils and determine an indicator of product quality. Purcell, 
O'Shea and Kokot (2007) also combined PROMETHEE and GAIA with PCA and PLS in 
studies related to cloning of sugarcane. 

Regarding to the control charts designed to monitor the mean vector, Machado and Costa 
(2008) have studied the performance of T2 charts based on principal components for 
monitoring multivariate processes. Lourenço et al. (2011) have used the principles of Process 
Analytical Technology (PAT) in the construction of control charts based on the scores of the 
first principal component versus time for the on-line monitoring of pharmaceutical 
processes. 

Moreover, Multivariate Analysis is an important technique in various areas of knowledge 
such as Data Mining (Kettaneh; Berglund; Wold, 2005); Econometrics (Mackay, 2006); 
Marketing (Ahn; Choi; Han, 2007) and Supply Chain Management (Pozo et al., 2012). 

2. Application: Oil refining 

The first process in a refinery is atmospheric distillation or direct distillation, where 
components of crude oil are separated into different sections using different boiling points. 
The main products obtained in this process are: liquefied petroleum gas (LPG), naphtha - 
precursor of gasoline, jet fuel, diesel and fuel oil. 

Additionally, refineries usually have a second tower, vacuum distillation, to produce diesel 
cuts. These intermediate streams feeding a chemical process called Fluid Catalytic Cracking 
(FCC). In this, two noble streams are generated: LPG, and gasoline. It is a refining scheme 
much more flexible, but though modern, may also present difficulties for framing products 
stricter specifications. 

The production scheme level 3 is more flexible and cost effective than the previous one, 
because it uses the chemical process of Coking, which transforms a fraction of lower value - 
vacuum residue of distillation towers, in the noblest products like LPG, gasoline, naphtha 
and diesel oil. 

This final refining scheme incorporates the process Hydrotreating of middle fractions 
generated in the Coker Unit, enabling increased supply of diesel with good quality. This 
scheme allows a more balanced supply of gasoline and diesel oil, producing more diesel and 
less gasoline than the previous settings. 

Of course, there are other macro-processes and auxiliary processes such as water treatment 
plant, effluent disposal, sulfur recovery units, units of hydrogen generation and 
consequently other interconnections, details of which are not subject of this work (ANP, 
2012). 
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3. Methods 

3.1. Acquisition database: Infrared radiation 

In the oil industry, signs of infrared radiation generated by sensors are associated with the 
prediction of the quality of distillates such as naphtha, gasoline, diesel and jet fuel (Kim, 
Cho; Park, 2000). 

Freitas et al. (2012) and Pasquini (2003) explain this instrumentation (Figure 1): the 
polychromatic radiation emitted by the source has a wavelength selected by a Michelson 
interferometer. The beam splitter has a refractive index such that approximately half of the 
radiation is directed to the fixed mirror and the other half is reflected, reaching the movable 
mirror and is therefore reflected by them. The optical path differences occur due the 
movement of the movable mirror that promotes wave interference. 

An interferogram is obtained as a result of a graph of the signal intensity received by the 
detector versus the difference in optical path traveled by the beams. By calculating the 
Fourier Transform (FT) the interferogram can be written as a sum of sines and cosines 
(Tarumi et al, 2005) and in this case, happens to be called transmittance spectra, T (Forato; 
Filho; Colnago, 1997). Finally, the spectrum of transmittance, T, is converted to absorbance 
spectra, A, by co-logarithm of T (Suarez et al. May 2011). The absorbance can be interpreted 
as the amount of radiation that the sample absorbs and the transmittance, the fraction of 
radiation that the sample does not absorb. These phenomena occur depending on their 
chemical composition (Kramer; Small, 2007). 

 
Figure 1. Scheme for technology acquisition database (Adapted from Pasquini, 2003)  

The chemical bonds of the type carbon-hydrogen (CH), oxygen-hydrogen (OH) and 
nitrogen-hydrogen (NH), present in petroleum products (Pasquini; Bueno, 2007), are 
responsible for the absorption of infrared radiation, however, are not very intense and 
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overlap. The broad spectral bands formed are difficult to interpret (Skoog; Holler; Crouch, 
2007) due to the phenomenon of collinearity (Naes; Martens, 1984). The origin of this 
phenomenon is associated with the manner in which the infrared radiation interacts with 
matter and can be demonstrated by Quantum Mechanics at work Pasquini (2003). 

These input variables (radiation absorbed), called Xi are correlated, so are said collinear or 
multicollinear (NAES et al., 2002). To illustrate the collinearity, X is a dummy matrix aij with 
i rows and j in terms columns, where aij is the radiation absorption of three samples i (i = 1, 
2, 3) at two wavelengths j (j = 1, 2). 

1 4
2 5
3 6

 
   
  

X  

The columns of X are linearly dependent, so the variables column j1 and j2 are colinear, that 
is, when increases j1, j2 increases proportionally. This causes the determinant of X'X to be 
zero, where X' is the transpose of matrix X. 

T 14 28
X X=

28 56
 
 
 

 

Then, the det (X'X) = (14.56) - (28.28) = 0 and this according to Naes et. al (2002) means that 
there is a singular error matrix and that those erros are propagated when the dependent 
properties, Y, are determined by regression methods which are not based on the principal 
components, such as the MLR. 

However, the multivariate approaches such as Principal Component Regression (PCR) and 
PLS have been quite appropriate due to dimensionality reduction, which creates a new set 
of variables called principal components (Rajalahti; Kvalheim, 2011). So with data mining 
for Multivariate Analysis, it is possible to relate the physicochemical properties (quality 
characteristics) of products with the chemical composition of the sample reflected by the 
absorption spectra. So once modeled a property, just a sample is subjected to infrared 
radiation to predict their properties. 

3.1. Acquisition data base: Reference properties 

In this work were modeled properties of gasoline, diesel and jet fuel. For gasoline, the 
octane number and for diesel oil and jet fuel, the kinematic viscosity property. 

According to Freitas (2012), kinematic viscosity of the diesel oil and jet fuel products is an 
important property in terms of its effect on power system and in fuel injection. Both high 
and low viscosities are undesirable since they can cause, among others, problems in fuel 
atomization. The formation of large and small droplets (low viscosity), can lead to a poor 
distribution of fuel and compromise the mixture air – fuel resulting in an incomplete 
combustion followed by loss power and greater fuel consumption. 
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3. Methods 
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Figure 1. Scheme for technology acquisition database (Adapted from Pasquini, 2003)  

The chemical bonds of the type carbon-hydrogen (CH), oxygen-hydrogen (OH) and 
nitrogen-hydrogen (NH), present in petroleum products (Pasquini; Bueno, 2007), are 
responsible for the absorption of infrared radiation, however, are not very intense and 
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overlap. The broad spectral bands formed are difficult to interpret (Skoog; Holler; Crouch, 
2007) due to the phenomenon of collinearity (Naes; Martens, 1984). The origin of this 
phenomenon is associated with the manner in which the infrared radiation interacts with 
matter and can be demonstrated by Quantum Mechanics at work Pasquini (2003). 

These input variables (radiation absorbed), called Xi are correlated, so are said collinear or 
multicollinear (NAES et al., 2002). To illustrate the collinearity, X is a dummy matrix aij with 
i rows and j in terms columns, where aij is the radiation absorption of three samples i (i = 1, 
2, 3) at two wavelengths j (j = 1, 2). 
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The octane number of a gasoline is an important characteristic which is related to their 
ability to burn in spark-ignition engines. It is determined by comparing its tendency to 
detonate with the reference fuel with octane known under standard operating conditions. 

When it comes to defining the octane required by engines, many countries use anti-knock 
index (I), defined by Equation 1: 

 MON + RONI = 
2

 (1) 

where MON is the Motor Octane Number and RON is the Research Octane Number. The 
method MON measures the resistance to detonation when gasoline is being burned in the 
most demanding operating conditions and at higher rotations. The test is done in motors 
CFR (Cooperative Fuel Research), single-cylinder with variable compression ratio equipped 
with the necessary instrumentation in a stationary base, as shown in Figure 2. 

 
Figure 2. CFR engine for MON octane (WAUKESHA, 2012) 

The RON method evaluates the resistance of the gasoline to detonation under milder 
conditions and work in less rotation than that measured by octane number MON. The test is 
done in similar engines to those used for testing in MON octane. 

It takes two hours and half to run the test MON and it is spent the same time for the test RON. 
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4. Results and discussion 

Samples of gasoline, diesel and jet fuel, collected during 1 year, were subjected to laboratory 
tests, to determine the input variables, Xi, which are the infrared radiation absorbed, and the 
response variables, Yi, that are physicochemical properties.  The physicochemical properties 
will be predicted by PLS models. 

The Table 1 summarizes the validation results of each model for products gasoline, diesel and 
jet fuel, where RMSEP (Root Mean Square Error of Prediction) corresponds to the standard 
deviation of the residuals (differences between measured and predicted values by the model). 

The Figures 3-6 illustrate that the residues of models follow normal distribution, since in all 
cases the p-value was greater than 0.05. 

 
Product Property Number of 

samples 
Latent

Variables RMSEP Correlation 

Diesel Oil Viscosity (40ºC) 180 8 0.116 cSt 0.9368 
Gasoline MON 350 6 0.22 0.8723 
Gasoline RON 350 7 0.22 0.9891 
Jet Fuel Viscosity (-20ºC) 279 7 0.01 cSt 0.8836 

Table 1. Summary of results of modeling and validation. 
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Figure 3. Normality Test for the property MON 
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Figure 4. Normality Test for the property RON 

 
Figure 5. Normality Test for the property viscosity (diesel)  
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Figure 6. Normality Test for the property viscosity (jet fuel) 

5. Conclusions 

The following conclusions can be drawn from the results of this study: 

It was possible to model mathematically the properties octane number and viscosity of the 
products gasoline, diesel and jet fuel. 

The developed models were externally validated according to ASTM D-6122 and their 
predictions have precision equivalent to the reference methods. 

The results were used in an oil refinery and contributed immensely to speed up the 
decision-making in blendings systems. Unlike the laboratory trials, the response time of a 
property along with the computational time does not exceed three minutes. 
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1. Introduction 

First of all, what is multivariate data analysis and why is it useful in waste management? 

Methods dealing with only one variable are called univariate methods. Methods dealing 
with more than one variable at once are called multivariate methods. Using univariate 
methods natural systems cannot be described satisfactorily. Nature is multivariate. That 
means that any particular phenomenon studied in detail usually depends on several factors. 
For example, the weather depends on the variables: wind, air pressure, temperature, dew 
point and seasonal variations. If these factors are collected every day a multivariate data 
matrix is generated. For interpretation of such data sets multivariate data analysis is useful. 
Multivariate data analysis can be used to process information in a meaningful fashion. 
These methods can afford hidden data structures. On the one hand the elements of 
measurements often do not contribute to the relevant property and on the other hand 
hidden phenomena are unwittingly recorded. Multivariate data analysis allows us to 
handle huge data sets in order to discover such hidden data structures which contributes 
to a better understanding and easier interpretation. There are many multivariate data 
analysis techniques available. It depends on the question to be answered which method to 
choose.  

Due to the requirement of representative sampling number of samples and analyses in 
waste management lead to huge data sets to obtain reliable results. In many cases extensive 
data sets are generated by the analytical method itself. Spectroscopic or chromatographic 
methods for instance provide more than 1000 data points for one sample. Evaluation tools 
can be developed to support interpretation of such analytical methods for practical 
applications. For specific questions and problems different evaluation tools are necessary. 
Calculation and interpretation are carried out by the provided evaluation tool.  
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In this study an overview of multivariate data analysis methods and their application in 
waste management research and practice is given.  

2. Multivariate data analysis in waste management 

The main objectives of multivariate data analysis are exploratory data analysis, classification 
and parameter prediction. Many different multivariate data analysis methods exist in 
literature. Thus the following list is not exhaustive however subdivided into the mentioned 
superior categories. It only concentrates on the methods applied in waste management.  

Table 1 gives an overview of the existing literature in waste management on multivariate 
data analysis applied by several authors. It can be summarised that PCA and PLS1 are the 
most popular multivariate data analysis methods applied in waste management. Details are 
given in the following sections 2.1 and 2.2. Due to easy traceability of the parameters 
investigated in the different papers parameter descriptions have been taken as they were 
mentioned in the original.  

In practice there are many software packages available which include different multivariate 
data analysis methods. Some software tools are: SPSS (www.spss.com\de\statistics), 
Canoco (www.canoco.com), The Unscrambler (www.camo.com) and the Free Software R-
project (www.cran.r-project.org). 

 

 Pattern recognition Calibration 

Method PCA FA CCA CA DA SIMCA MLR PLS1 PLS2 PSR 

Chapter 2.1.1 2.1.2 2.1.3 2.1.3 2.2.1 2.2.2 

Compost 
science 

[1-23] [24] [25] [1, 4, 
22, 24-

31] 

[3, 9] [8, 12] [29, 32, 
33] 

[2, 6, 8, 
19, 21, 
23, 34-

47] 

[8, 21, 
48] 

[49] 

Municipal 
solid waste 

[50-55]   [56]    [17, 53, 
57, 58]

  

Landfill 
research 

[59-72] [65] [73, 74] [72, 75] [66, 71, 
76, 77]

[78] [79, 80] [17, 61, 
62, 66, 
71, 78]

  

Logistics [81] [82]  [82]   [83, 84]    

Table 1. Literature review of different multivariate data analysis methods applied in waste 
management; PCA – Principal Component Analysis, FA – Factor Analysis, CA – Cluster Analysis, CCA 
– Canonical Correspondence Analysis, DA – Discriminant Analysis, SIMCA – Soft Independent 
Modelling of Class Analogy, MLR – Multiple Linear Regression, PLS-R – Partial Least Squares 
Regression, PSR – Penalised Signal Regression 
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2.1. Pattern recognition 

2.1.1. Exploratory data analysis 

 Principal Componant Analysis (PCA) 

PCA is mathematically defined as an orthogonal linear transformation that arranges the 
data to a new coordinate system in that the greatest variance by any projection of the data 
takes place along the first coordinate (called the first principal component), the second 
greatest variance along the second coordinate, and so on. Theoretically the PCA is the 
optimum transformation for a given data set in least square terms. That means PCA is used 
for dimensionality reduction of variables in a data set by retaining those characteristics of 
the data set that contribute most to its variance. The transformation to the new coordinate 
system is described by scores (T), loadings (P) and errors (E). In matrix terms, this can be 
written as X = T * P + E. Fig. 1 illustrates the mathematical transformation using PCA. The 
matrices can be displayed graphically. The scores matrix illustrates the data structure and 
the loading matrix displays the influence of the different variables on the data structure. 

 
Figure 1. Principle of the PCA (according to Esbensen [85]) 

PCA displays hidden structures of huge data sets. PCA is applied in different fields of waste 
management to find out the relevant parameters of a large parameter set. So we can see 
which properties of a sample are significant and important to answer a particular question. 
Due to the results obtained time and money can be saved in further research activities. 

Many applications can be found in compost science. Zbytniewski and Buszewski [1] applied 
PCA to reveal the significant parameters and possible groupings of chemical parameters, 
absorption band ratios and NMR data. Campitelli and Ceppi [3] investigated the quality of 
different composts and vermicomposts. The collected data were evaluated by means of PCA 
to extract the significant differences between the two compost types. Gil et al. [4] used PCA 
to show effects of cattle manure compost applied on different soils. Termorshuizen et al. [13] 
carried out a PCA based on disease suppression data determined by bioassays in different 
compost/peat mixtures and pure composts. PCA was applied by Planquart et al. [10] to 
examine the interactions between nutrients and trace metals in colza (Brassica napus) when 
sewage sludge compost was applied to soils. LaMontagne et al. [7] applied PCA on terminal 
restriction fragment length polymorphisms (TRFLP) patterns of different composts to reveal 
their characteristics with respect to microbial communities. Malley et al. [8] recorded near 
infrared spectra from cattle manure during composting. The collected spectral data were 
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evaluated by PCA to show the relationships among samples and changes due to stockpiling 
and composting. Hansson et al. [6] observed the anaerobic treatment of municipal solid waste 
by using on-line near infrared spectroscopy. For spectral data interpretation PCA was carried 
out. Albrecht et al. [2] also performed a PCA for near infrared (NIR) spectra evaluation from 
an ongoing composting process. Smidt et al. [12] used PCA to show differences in spectral 
characteristics of different waste materials. Lillhonga et al. [23] used PCA to observe spectral 
characteristics of different composting processes. Vergnoux et al. [21] applied a PCA on NIR 
spectra as well as on physico-chemical and biochemical parameters to derive regularities from 
the data. Nicolas et al. [9] used PCA to evaluate data from an electronic nose. The correlations 
between the sensor of an electronic nose and chemical substances were determined by Romain 
et al. [11] using PCA. PCA was applied to observations of a composting process by means of 
analytical electrofocusing. The electrofocusing profiles were evaluated by Grigatti et al. [5]. 
PCA was also used by Biasioli et al. [19] to evaluate odour emissions and biofilter efficiency in 
composting plants using proton transfer reaction-mass spectrometry. Bianchi et al. [18] also 
used PCA to reduce the complex data set and to analyse the pattern of organic compounds 
emitted from a composting plant, a municipal solid waste landfill and ambient air. The effect 
of 14 different soil amendments on compost quality were evaluated using a PCA by Tognetti 
et al. [20]. Smidt et al. [16] applied PCA to illustrate the influence of input materials and 
composting operation on humification of organic matter. Böhm et al. [14] and Smidt et al. [15, 
17] used PCA to illustrate spectral differences caused by different materials such as biowaste, 
manure, leftovers, straw and sewage sludge.  

PCA was also applied to illustrate the alteration of municipal solid waste during the 
biological degradation process reaching stability limits for landfilling as well as to 
demonstrate similarities and differences of reactor and old landfills based on thermal data 
[53, 66]. Scaglia and Adani [52] focused on municipal solid waste treatment. They used PCA 
to create a stability index for quantifying the aerobic reactivity of municipal solid waste. 
Abouelwafa et al. [54, 55] investigated the degradation of sludge from the effluent of a 
vegetable oil processing plant mixed with household waste from landfill. Abouelwafa et al. 
[54] applied PCA on various parameters measured during composting (e.g. pH, electrical 
conductivity, moisture, C/N, NH4/NO3, ash, decomposition in percent, level of polyphenols, 
lignin, cellulose, hemicellulose, humic acid) to find the main parameters in the 
decomposition and restructuring phase [54]. Abouelwafa et al. [55] extracted fulvic acids 
from the samples mentioned above and extended the data set used for PCA by a series of 
absorption band ratios resulting from of FTIR spectra. 

PCA has also been used in landfill research. Mikhailov et al. [62] applied PCA for 
monitoring data from different landfills. They included parameters such as depth, ash 
content, volumetric weight, humidity, amounts of refuse in summer and winter as well as 
the topsoil depth of landfill sections, sewage sludge lenses and the existence of a protection 
system. Kylefors [61] investigated data of leachate composition using PCA. The idea was to 
reduce the analytical monitoring program for further investigations. Durmusoglu and 
Yilmaz [60] used PCA to extract the significant independent variables of the collected data 
of raw and pre-treated leachate. A comparable work was done by De Rosa et al. [59]. They 
also investigated the leachate composition of an old waste dump connected to the 
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groundwater. Olivero-Verbel et al. [63] investigated the relationships between physico-
chemical parameters and the toxicity of leachates from a municipal solid waste landfill. PCA 
was used to find out which parameters were responsible for their toxicity. Jean and Fruget 
[72] used PCA to compare landfill leachates according to their toxicity and physico-chemical 
parameters. Ecke et al. [71] showed an example for PCA application in landfill monitoring of 
data from landfill test cells, leachate and gas data. Smidt et al. [64] investigated landfill 
materials by means of mid infrared spectroscopy, thermal analysis and PCA. They used 
PCA to support data interpretation. Van Praagh et al. [70] investigated the potential impacts 
on leachate emissions using pretreated and untreated refuse-derived material as a cover 
layer on the top of a municipal solid waste landfill. To interpret leachate characteristics they 
used PCA. Tintner and Klug [69] used PCA to illustrate how vegetation can indicate landfill 
cover features. Diener et al. [67] investigated the long-term stability of steel slags used as 
cover construction of a municipal solid waste landfill by means of a PCA.  Smidt et al. [17] 
used PCA to display spectral characteristics of different landfill types. 

Pablos et al. [68] used a PCA to evaluate toxicity bioassays for biological characterisation of 
hazardous wastes.  

Other publications focus on the process monitoring of municipal solid waste incineration 
residues. Ecke [50] performed PCA on leaching parameters from municipal solid waste 
incineration fly ash to get an overview of the mobility of metals under certain conditions. 
Mostbauer et al. [51] carried out PCA to observe the long-term behaviour of municipal solid 
waste incineration (MSWI) residues.  

In the field of waste management logistics PCA is rarely applied. Dahlén et al [81] used PCA 
to display the impact of waste costs on a weight basis in a specific municipality. 

 Factor Analysis (FA) 

FA is related to PCA but differs in its mathematical conception [86]. FA is also used to 
describe the variability of observed variables in terms of fewer variables called factors. That 
means factor analysis is a tool which reveals unobservable underlying features of a specific 
phenomenon by previous visible observations. The observed variables are modelled as 
linear combinations of the factors plus "error" terms. The information about 
interdependencies can be used to reduce the number of variables in a data set.  

In waste management practice PCA is preferentially used. Differences between factor 
analysis and PCA are found to be small [86]. Srivastava and Ramanathan [65] investigated 
the groundwater quality of a landfill site in India by means of FA. They explained the 
observed relationship in simple terms expressed as factors. Bustamante et al. [24] used FA to 
identify the principal variables associated to the composting of agro-industrial wastes. Lin et 
al. [82] used FA for selecting the best food waste recycling method. 

 Canonical Correspondence Analysis (CCA) 

CCA is a multivariate method to explain the relationships between biological communities 
and their environment [87]. The method is designed to extract environmental gradients from 
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emitted from a composting plant, a municipal solid waste landfill and ambient air. The effect 
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decomposition and restructuring phase [54]. Abouelwafa et al. [55] extracted fulvic acids 
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absorption band ratios resulting from of FTIR spectra. 

PCA has also been used in landfill research. Mikhailov et al. [62] applied PCA for 
monitoring data from different landfills. They included parameters such as depth, ash 
content, volumetric weight, humidity, amounts of refuse in summer and winter as well as 
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system. Kylefors [61] investigated data of leachate composition using PCA. The idea was to 
reduce the analytical monitoring program for further investigations. Durmusoglu and 
Yilmaz [60] used PCA to extract the significant independent variables of the collected data 
of raw and pre-treated leachate. A comparable work was done by De Rosa et al. [59]. They 
also investigated the leachate composition of an old waste dump connected to the 
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groundwater. Olivero-Verbel et al. [63] investigated the relationships between physico-
chemical parameters and the toxicity of leachates from a municipal solid waste landfill. PCA 
was used to find out which parameters were responsible for their toxicity. Jean and Fruget 
[72] used PCA to compare landfill leachates according to their toxicity and physico-chemical 
parameters. Ecke et al. [71] showed an example for PCA application in landfill monitoring of 
data from landfill test cells, leachate and gas data. Smidt et al. [64] investigated landfill 
materials by means of mid infrared spectroscopy, thermal analysis and PCA. They used 
PCA to support data interpretation. Van Praagh et al. [70] investigated the potential impacts 
on leachate emissions using pretreated and untreated refuse-derived material as a cover 
layer on the top of a municipal solid waste landfill. To interpret leachate characteristics they 
used PCA. Tintner and Klug [69] used PCA to illustrate how vegetation can indicate landfill 
cover features. Diener et al. [67] investigated the long-term stability of steel slags used as 
cover construction of a municipal solid waste landfill by means of a PCA.  Smidt et al. [17] 
used PCA to display spectral characteristics of different landfill types. 

Pablos et al. [68] used a PCA to evaluate toxicity bioassays for biological characterisation of 
hazardous wastes.  

Other publications focus on the process monitoring of municipal solid waste incineration 
residues. Ecke [50] performed PCA on leaching parameters from municipal solid waste 
incineration fly ash to get an overview of the mobility of metals under certain conditions. 
Mostbauer et al. [51] carried out PCA to observe the long-term behaviour of municipal solid 
waste incineration (MSWI) residues.  

In the field of waste management logistics PCA is rarely applied. Dahlén et al [81] used PCA 
to display the impact of waste costs on a weight basis in a specific municipality. 

 Factor Analysis (FA) 

FA is related to PCA but differs in its mathematical conception [86]. FA is also used to 
describe the variability of observed variables in terms of fewer variables called factors. That 
means factor analysis is a tool which reveals unobservable underlying features of a specific 
phenomenon by previous visible observations. The observed variables are modelled as 
linear combinations of the factors plus "error" terms. The information about 
interdependencies can be used to reduce the number of variables in a data set.  

In waste management practice PCA is preferentially used. Differences between factor 
analysis and PCA are found to be small [86]. Srivastava and Ramanathan [65] investigated 
the groundwater quality of a landfill site in India by means of FA. They explained the 
observed relationship in simple terms expressed as factors. Bustamante et al. [24] used FA to 
identify the principal variables associated to the composting of agro-industrial wastes. Lin et 
al. [82] used FA for selecting the best food waste recycling method. 

 Canonical Correspondence Analysis (CCA) 

CCA is a multivariate method to explain the relationships between biological communities 
and their environment [87]. The method is designed to extract environmental gradients from 
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ecological data sets. By means of the gradients an ordination diagram describing and 
visualising the diverse habitat preferences of taxa is calculated. 

CCA is sometimes used in waste management if, for example, microbial communities or 
vegetation surveys are analysed. CCA was applied by Franke-Whittle et al. [25] and El-
Sheikh et al. [73]. Franke-Whittle et al. [25] applied CCA to illustrate the similarities in 
microbial communities of three different composting processes. El-Sheikh et al. [73] 
investigated the ten-year primary succession on a newly created landfill at a lagoon of the 
Mediterranean Sea. Vegetation surveys where the basis for CCA. Kim et al. [74] applied 
CCA to investigate the vegetation and the soil of a not properly maintained landfill to 
suggest restoration alternatives by comparing the vegetation of the landfill to the nearby 
forests.  

2.1.2. Unsupervised pattern recognition  

 Cluster analysis (CA) 

Clustering is the classification of objects into groups called clusters. Objects from the same 
cluster are more similar to one another than objects from different clusters. The difference of 
clusters is based on measured distances without any unit. Cluster analysis can be illustrated 
graphically in a dendrogram as shown in Fig. 2. The samples 2, 3 and 5 are clustered due to 
the high degree of similarity as well as the samples 1 and 4. The two clusters show little 
similarity. 

 
Figure 2. Example of a cluster analysis visualised by a dendrogram  

CA was applied in compost science by Zybtniewskie and Buszewski [1]. They applied CA to 
conventional compost parameters and NMR data to find out the grouping depending on the 
composting time. He et al. [56] used a hierarchical cluster analysis to show the similarities 
and differences of UV-Vis and fluorescence spectra of water extractable organic matter, 
originating from municipal solid waste that had been subjected to different composting 
times. A hierarchical cluster analysis was also used by He et al. [22] to investigate water-
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extractable organic matter during cattle manure composting. Gil et al. [4] displayed 
dendrograms to illustrate the similarities or differences by application of cattle manure 
compost to different soils. Bustamante et al. [24] studied physico-chemical, chemical and 
microbiological parameters of different composts. The evaluation of the composts was 
conducted by a hierarchical cluster analysis [24]. 

Lin et al. [82] applied a CA for the selection of optimal recycling methods for food waste. 

A stepwise cluster analysis (SCA) was used to describe the nonlinear relationships among 
state variables and microbial activities of composts by Sun et al. [29]. Sun et al. [30] 
developed a genetic algorithm aided stepwise cluster analysis (GASCA) to describe the 
relationships between selected state variables and the C/N ratio in food waste composting. 

Furthermore CA has often been used to evaluate microbiological data, especially in compost 
science [25-28, 31]. Innerebner et al. [26] and Ros et al. [27, 28] used CA to identify related 
samples and similar groups of microorganisms. Franke-Whittle et al. [25] used CA to show 
the similarities of Denaturing Gradient Gel Electrophoresis (DGGE) data of three different 
compost types with proceeding compost maturity. Xiao et al. [31] used a hierarchical cluster 
analysis of DGGE data to estimate the succession of bacterial communities during the active 
composting process. 

Tesar et al. [75] applied CA to spectral data to illustrate the effect of in-situ aeration of a 
landfill. Jean and Fruget [72] used CA to compare landfill leachates on the basis of their 
toxicity and physico-chemical parameters. 

2.1.3. Supervised pattern recognition 

All supervised methods are classifications. Classification can be considered as a predictive 
method where the response is a category variable. Different classification methods exist. 
There are types of “hard” and “soft” modelling. Hard modelling means that a non-
relocatable line between the defined groups exists. One object can only belong to one group. 
Soft modelling allows an overlapping of the defined classes. An object can belong to both 
groups [88]. With regard to waste management practice two different classification methods 
are described in detail.  

 Discriminant analysis (DA) 

DA is a classification method of hard modelling. Campitelli and Ceppi [3] carried out a DA 
to distinguish between compost and vermicompost on the basis of parameters such as total 
organic carbon (TOC), germination index (GI), pH, total nitrogen (TN), and water soluble 
carbon (WSC). Nicolas et al. [9] performed a DA to classify data of an electric nose according 
to defined exceeded levels of odour. Ecke et al. [71] investigated samples from three 
different landfill sites by the biochemical methane potential and used DA for data 
evaluation. Huber-Humer et al. [77] applied DA to determine methane oxidation efficiency 
of different materials based on chemical and physical variables. Smidt et al. [66, 76] used DA 
to differentiate the infrared spectral [76] and thermal patterns [66] of municipal solid waste 
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compost to different soils. Bustamante et al. [24] studied physico-chemical, chemical and 
microbiological parameters of different composts. The evaluation of the composts was 
conducted by a hierarchical cluster analysis [24]. 

Lin et al. [82] applied a CA for the selection of optimal recycling methods for food waste. 

A stepwise cluster analysis (SCA) was used to describe the nonlinear relationships among 
state variables and microbial activities of composts by Sun et al. [29]. Sun et al. [30] 
developed a genetic algorithm aided stepwise cluster analysis (GASCA) to describe the 
relationships between selected state variables and the C/N ratio in food waste composting. 

Furthermore CA has often been used to evaluate microbiological data, especially in compost 
science [25-28, 31]. Innerebner et al. [26] and Ros et al. [27, 28] used CA to identify related 
samples and similar groups of microorganisms. Franke-Whittle et al. [25] used CA to show 
the similarities of Denaturing Gradient Gel Electrophoresis (DGGE) data of three different 
compost types with proceeding compost maturity. Xiao et al. [31] used a hierarchical cluster 
analysis of DGGE data to estimate the succession of bacterial communities during the active 
composting process. 

Tesar et al. [75] applied CA to spectral data to illustrate the effect of in-situ aeration of a 
landfill. Jean and Fruget [72] used CA to compare landfill leachates on the basis of their 
toxicity and physico-chemical parameters. 

2.1.3. Supervised pattern recognition 

All supervised methods are classifications. Classification can be considered as a predictive 
method where the response is a category variable. Different classification methods exist. 
There are types of “hard” and “soft” modelling. Hard modelling means that a non-
relocatable line between the defined groups exists. One object can only belong to one group. 
Soft modelling allows an overlapping of the defined classes. An object can belong to both 
groups [88]. With regard to waste management practice two different classification methods 
are described in detail.  

 Discriminant analysis (DA) 

DA is a classification method of hard modelling. Campitelli and Ceppi [3] carried out a DA 
to distinguish between compost and vermicompost on the basis of parameters such as total 
organic carbon (TOC), germination index (GI), pH, total nitrogen (TN), and water soluble 
carbon (WSC). Nicolas et al. [9] performed a DA to classify data of an electric nose according 
to defined exceeded levels of odour. Ecke et al. [71] investigated samples from three 
different landfill sites by the biochemical methane potential and used DA for data 
evaluation. Huber-Humer et al. [77] applied DA to determine methane oxidation efficiency 
of different materials based on chemical and physical variables. Smidt et al. [66, 76] used DA 
to differentiate the infrared spectral [76] and thermal patterns [66] of municipal solid waste 
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incinerator (MSWI) bottom ash before and after CO2 uptake. A DA on the CO2 ion current 
recorded during combustion was applied to illustrate the effect of CO2 treatment of MSWI 
bottom ash [66]. DA was also used to illustrate the spectral characteristics of leachate from 
landfill simulation reactors under aerobic and anaerobic conditions [17]. 

 Soft independent modelling of class analogy (SIMCA) 

SIMCA is a special method of soft modelling recommended by Wold in the 1970s [88]. 
Objects can belong to one of the defined class, to both classes or to none. Whether SIMCA 
can be applied on the data set depends on the question to be answered. According to 
Brereton [88] it is often legitimate in chemistry that an object belongs to more than one class 
For example a compound may have an ester and an alkene group which are both reflected 
by an infrared spectrum. Thus they fit in both classes. In natural science it is allowed in most 
cases for an object to be in line with more than one class simultaneously. 

Contrarily in other cases an object can belong only to one class and the application of 
SIMCA is inappropriate. Brereton [88] gives a good example where the concept of SIMCA is 
not applicable: A banknote is either forged or not. In many cases there is only one true 
answer. For such problems SIMCA is not the adequate method.  

In compost science Malley et al. [8] and Smidt et al. [12] carried out a SIMCA. Malley et al. 
[8] classified different decomposition stages of manures by means of near infrared 
spectroscopy and SIMCA. Smidt et al. [12] carried out a SIMCA to classify different waste 
materials such as biowaste compost, mechanically-biologically pretreated waste and landfill 
materials based on their spectroscopic pattern.  Smidt et al. [78] used the SIMCA model 
developed by Smidt et al. [12] to identify different landfill types such as reactor landfill and 
industrial landfill samples. 

2.2. Calibration 

2.2.1. Multiple Linear Regression (MLR) 

MLR is directed at modelling the relationship between two or more explanatory variables 
and a response variable by fitting a linear equation to observed data. Every value of the 
independent variable X is associated with a value of the dependent variable Y, with 
explanatory or predictive purposes. A direct correlation between Y and X-matrix is performed. 

In waste management MLR was applied by Chikae et al. [32] to predict the germination 
index which was adopted as a marker for compost maturity. Thirty-two parameters of 159 
samples were measured. MLR was carried out to reduce this huge parameter set to some 
significant parameters. Lawrence and Boutwell [79] used MLR for predicting the 
stratigraphy of landfill sites using an electromagnetic method. Moreno-Santini et al. [80] 
applied MLR to determine arsenic and lead levels in the hair of residents in a municipality 
constructed on a former landfill. 

Noori et al. [84] compared two different statistical methods (artificial neural networks and 
MLR based on a PCA) to predict the solid waste generation in Tehran. Cheng et al. [83] used 
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MLR to predict the factors associated with medical waste generation at hospitals. Sun et al. 
[29] used MLR to predict mesophilic and thermopilic bacteria in food waste composts. 
Suehara and Yano [33] applied MLR to predict conventional compost parameters by NIR 
spectral data. 

2.2.2. Partial Least Squares Regression (PLS-R) 

 PLS1 

PLS-R is used to find out the fundamental relations between two matrices. PLS-R is a 
bilinear modelling method. The main idea behind it is to calculate the principal components 
of the X and the Y matrix separately (external correlation) and to develop a regression model 
between the scores of the principal components (inner correlation). The concept of PLS-R is 
demonstrated in Fig. 3.  

PLS1 is often used to predict time consuming or expensive parameters using an alternative 
analytical method. Modern analytical tools such as spectroscopic, chromatographic and 
thermo analytical methods generate data with inherent information on different parameters. 
With the development of an evaluated prediction model conventional analytical methods 
can be replaced by easier and/ or faster handling and robust methods.  

 
Figure 3. Principles of PLS-R (according to Esbensen [85])  

Many authors have developed such prediction models in compost science. Zvomuya et al. 
[44] predicted phosphorus availability in soils, amended with composted and non-
composted cattle manure by means of cumulative phosphorus analysis. Fujiwara and 
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MLR to predict the factors associated with medical waste generation at hospitals. Sun et al. 
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Suehara and Yano [33] applied MLR to predict conventional compost parameters by NIR 
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Murakami [35] applied near infrared spectroscopy to estimate available nitrogen in poultry 
manure compost. Huang et al. [36] also used near infrared spectroscopy to estimate pH, 
electric conductivity, volatile solids, TOC, total N, the C:N ratio and the total phosphorus 
content. Furthermore they determined nutrient contents such as K, Ca, Mg, Fe and Zn of 
animal manure compost using near infrared spectroscopy and PLS1 [37]. Malley et al. [8] 
developed prediction models for total C, organic C, total N, C:N ratio, K, S and P by means 
of near infrared spectroscopy and PLS1. Morimoto et al. [43] carried out carbon 
quantification of green grass tissue using near infrared spectroscopy. Hansson et al. [6] 
predicted the concentration of propionate in an anaerobic process by near infrared spectra. 
Albrecht et al. [2] developed calibration models between spectral data and C, N, C:N ratio 
and composting time. Michel et al. [42] predicted chemical and biological properties of 
composts such as organic C (Corg), total N, C:N ratio, age, microbial biomass (Cmic), Cmic:Corg, 
basal respiration, enzymatic activity and plant suppression using near infrared 
spectroscopy. Ludwig et al. [39] also used near infrared spectroscopy to predict pH, electric 
conductivity, P, K, NO3- and NH4+ and phytotoxicity. Ko et al. [38] predicted heavy metal 
contents of Cr, As, Cd, Cu, Zn and Pb by means of near infrared spectroscopy and PLS1. 
They hypothesised that heavy metals are detectable by NIR when they are complexed with 
organic matter. Capriel et al. [34] found out that mid infrared spectroscopy is a rapid 
method to estimate the effect of nitrogen and relevant parameters such as total C, total N, 
the C:N ratio and the pH of biowaste compost. Meissl et al. [40] used PLS1 and the mid 
infrared region to predict humic acid contents in biowaste composts. Furthermore they 
determined humic acid contents by near infrared spectroscopy [41]. Sharma et al. [47] 
developed prediction models for conventional compost parameters, especially ammonia, 
pH, conductivity, dry matter, nitrogen and ash using NIR and Vis-NIR spectroscopy. 
Lillhonga et al. [23] used PLS-R for compost parameter prediction based on NIR spectra. 
They developed models for the parameters: time, pH, temperature, NH3/NH4+, energy 
(calorific value) and moisture content. Galvez-Sola et al. [45] used PLS1 to predict different 
compost quality parameters such as pH, electric conductivity, total organic matter, total 
organic carbon, total N, C/N ratio as well as nutrients contents (N, P, K) and potentially 
pollutant element concentrations (Fe, Cu, Mn and Zn) from near infrared spectra. Vergnoux 
et al. [21] applied a PLS1 to predict physico-chemical and biochemical parameters from NIR 
spectra. Physico-chemical parameters comprised age, organic carbon, organic nitrogen, C/N, 
total N, fulvic acids (FA), humic acids (HA) and HA/FA. The soluble fraction, lignin and 
biological maturity index were summarised as biochemical parameters. Mikhailov et al. [62] 
used PLS1 to predict maturity and stability based on conventionally measured data. 
Kylefors [61] developed prediction models for leachate concentrations of specific organic 
substances in leachate by means of conventional leachate analysis and PLS1. Biasioli et al. 
[19] used PLS1 to predict odour concentrations in composting plants by proton transfer 
reaction-mass spectrometry (PTR-MS). Mohajer et al. [46] used a PLS1 to generate a model 
to predict the microbial oxygen uptake in sludge based on different physical compost 
parameters.  
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Böhm et al. [57] used PLS1 to predict the respiration activity (RA4) based on FT-IR spectra of 
mechanically-biologically pretreated (MBT) waste. The potential of thermal data of MBT 
waste was shown by Smidt et al. [53]. They applied PLS1 to predict the calorific value, total 
organic carbon (TOC) and respiration activity (RA4). Smidt et al. [17] also developed a 
prediction model for the calorific value based on spectral data. Biasioli et al. [58] used PLS1 
to predict odour concentration from MSW composting plants based on PTR-MS. 

Ecke et al. [71] performed detoxification of hexavalent chromium to less toxic trivalent 
chromium in industrial waste and applied a PLS model to identify the relevant factors. 
Smidt et al. [78] predicted the biological oxygen demand and the dissolved organic carbon 
(DOC) of old landfill materials from spectral data. They also used PLS-R to predict the total 
organic carbon and total nitrogen based on thermal data [78]. Furthermore PLS-R was used 
to predict respiration activity (RA4) from MS data of old landfill materials [66]. Smidt et al. 
[17] developed a prediction model for the DOC and the TOC from spectral data of landfill 
materials. 

 PLS2 

PLS2 is a variant of the PLS-R method where several Y-variables are modelled 
simultaneously. An advantage of this method is to find possible correlations or co-linearity 
between the Y-variables. 

Malley et al. [8] developed prediction models for pH, total N, nitrate and nitrite, total C, 
organic C, C:N ratio, P, available P, S, K and Na by means of near infrared spectroscopy and 
PLS2. Suehara et al. [48] used PLS2 for simultaneous measurement of carbon and nitrogen 
content of composts using near infrared spectroscopy. Vergnoux et al. [21] applied PLS2 to 
predict physico-chemical (moisture, temperature, pH, NH4-N) and biochemical parameters 
(hemicellulose and cellulose) from NIR spectra. 

 Penalised signal regression (PSR) 

This special regression method is described in Galvez-Sola et al. [49].  Galves Sola et al. [49] 
used this method to predict the phosphorus content in composts. 

3. Selected examples from literature using multivariate data analysis in 
waste management 

In the following chapter four selected examples using multivariate data analysis in waste 
management are described in detail. To illustrate the application of principal component 
analysis (PCA) the study by Mikhailov et al. [62] is presented. He carried out multivariate 
data analysis for the ecological assessment of landfills. The second example illustrates the 
application of partial least squares regression (PLS-R). Michel et al. [42] applied PLS-R to 
predict conventional parameters by spectroscopic data. Ros et al. [27] applied a cluster analysis 
to data of polymerase chain reaction coupled with denaturing gradient gel electrophoresis 
(PCR-DGGE) to observe the long-term effects of compost amendment on soil microbial 
activity. A soft independent model of class analogy (SIMCA) was applied by Malley et al. [8]. 
They used SIMCA to classify different composts according to their spectroscopic characteristic. 
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Murakami [35] applied near infrared spectroscopy to estimate available nitrogen in poultry 
manure compost. Huang et al. [36] also used near infrared spectroscopy to estimate pH, 
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content. Furthermore they determined nutrient contents such as K, Ca, Mg, Fe and Zn of 
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of near infrared spectroscopy and PLS1. Morimoto et al. [43] carried out carbon 
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[19] used PLS1 to predict odour concentrations in composting plants by proton transfer 
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Böhm et al. [57] used PLS1 to predict the respiration activity (RA4) based on FT-IR spectra of 
mechanically-biologically pretreated (MBT) waste. The potential of thermal data of MBT 
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3.1. Principal component analysis (PCA) 

3.1.1. Objective of the study 

The objective of the study by Mikhailov et al. [62] was to evaluate the stability of landfills 
based on many conventional parameters such as ash content, temperature, volume weight, 
pH, humidity and depth. They supposed that a multivariate approach could provide a more 
efficient data interpretation. Therefore they compared conventional and multivariate data 
analysis methods. 

3.1.2. Method of evaluation and results 

In a first step Mikhailov et al. [62] collected conventional data to describe landfill stability. 
They investigated 3 different landfills in Russia, one illegal dump, an old poorly-run dump 
and a modern well-run landfill. They focused on geodesic surveys to obtain the overall 
object properties such as size, volume and different layers. Furthermore they investigated 
the physical and chemical properties of the samples collected in different depths of the 
landfill. The physical and chemical properties include ash content, humidity, and acidity. 
Using the conventional collected data they carried out a PCA for each landfill site. They 
included the ash content, temperature, volume weight, pH, humidity and depth. The PCA 
for the two landfills in Bezenchuk and Kinel are presented in the study [62]. Based on the data 
pool Mikhailov et al. [62] could identify two important sources of waste around Bezenchuk, a 
poultry farm and a granary. In addition to regular domestic refuse, the agricultural and 
industrial wastes were disposed illegally in this dump. Kinel on the other hand is a modern, 
well operated landfill, in which both domestic and industrial wastes are disposed. These 
assumptions were confirmed by chemometric investigations based on PCA. The mentioned 
PCAs show clustering of the different classes. The results of the PCA of the third investigated 
landfill are not shown in their study. Otradny was shown to be a poorly maintained landfill. 
Clear separation of layers by means of the scores plot was not possible. They found out that 
the information by the landfill manager and the results obtained did not correspond.  

3.1.3. Conclusion 

Mikhailov et al. [62] concluded that multivariate data analysis is an appropriate tool for 
ecological monitoring. They pointed out that chemometric methods provide the possibility 
to explore the structure of waste disposal by identification of specific areas. 

3.2. Partial Least Square Regression (PLS1) 

3.2.1. Objective of the study 

The verification of compost quality has to be monitored consistently. However this is time-
consuming and laborious. Due to the fact that NIR is a simple, accurate and fast technique 
used for routine analysis Michel et al. [42] hypothesised that NIR could be used for 
parameter prediction. The objective of the study was to use NIR spectroscopy to determine 
chemical and biological properties.  
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3.2.2. Method of evaluation and results 

The first step was to define compost quality. Michel et al. [42] defined compost quality by C 
and N contents, suppression of pathogens, stability/ maturity and biological parameters, 
especially organic carbon (Corg), total N (Nt), C:N ratio, age, microbial biomass (Cmic), 
Cmic:Corg, basal respiration, enzymatic activity and suppression of plant disease. 
Spectroscopic data from 98 composts samples as well as the mentioned conventional 
parameters were collected. Fundamental relations between two matrices can be found by 
means of PLS1. Michel et al. [42] applied a PLS1 to express conventional parameters by 
spectral data. They designed for each conventional parameter a PLS1. Table 2 summarises 
the collected data and results obtained by Michel et al. [42]. The standard error of cross-
validation (SECV) and the coefficient of determination (r2) indicate the quality of prediction. 
The SECV provides information on the prediction error, r2 demonstrates the quality of 
correlation. Composting age and basal respiration show the highest r2. The specific 
enzymatic activity and the suppressive effect show the lowest r2. It should be emphasised 
that biological tests that are carried out with the original wet compost are more susceptible 
to interferences due to the heterogeneity of the material. Michel et al. [42] concluded that 
especially compost age and basal respiration are clearly reflected by the NIR spectrum and 
feature the best results. By contrast, the specific enzyme activity and suppressive effects 
show the worst prediction results. The assigned correlations are illustrated in the paper [42]. 
 

 n Mean Range Outliers 
removed 

SECV r2 

Age [d] 98 183.6 82.0 - 268.0 6 16.7 0.82 
Corg content [%] 97 26.0 16.4 - 41.5 5 2.32 0.77 
Nt content [%] 97 1.4 1.0 - 2.1 4 0.11 0.67 
C:N ratio 97 18.2 12.2 - 29.1 4 1.51 0.71 
Cmic [μg g-1] 98 4986 774 - 8587 5 954 0.68 
Cmic:Corg [mgCmicgCorg-1] 97 18.6 4.0 - 29.4 4 4.00 0.63 
Basal respiration [μg C g-1 d-1] 47 574.8 252.0 - 966.0 2 49.2 0.88 
qCO2 [μgCO2-C mg Cmic-1 d-1] 47 9.7 4.2 - 17.1 1 1.98 0.83 
Hydrolysis of fluorescein diacetate 
(FDA-HR) [μg g-1h-1] 

98 517.9 256.0 - 879.0 5 74.7 0.75 

Specific enzyme activity [μgFDA 
mgCmic-1h-1] 

98 118.7 48.6 - 370.9 6 48.6 0.49 

Suppression 5‰ (rating) [%] 98 57.3 8.0 - 101.0 2 19.3 0.71 
Suppression 5‰ (fresh weight) [%] 98 59.1 14.0 - 103.0 3 18.7 0.47 

Table 2. Excerpt of table 1 and 2 by Michel et al. [42], SECV = standard error of cross-validation, r2 = the 
coefficient of determination 

3.2.3. Conclusion 

Michel et al. [42] concluded that NIR spectroscopy was a capable method to predict various 
chemical and biological parameters using PLS regression. They believe NIR spectroscopy to 
be capable of monitoring compost quality. 
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3.2.2. Method of evaluation and results 

The first step was to define compost quality. Michel et al. [42] defined compost quality by C 
and N contents, suppression of pathogens, stability/ maturity and biological parameters, 
especially organic carbon (Corg), total N (Nt), C:N ratio, age, microbial biomass (Cmic), 
Cmic:Corg, basal respiration, enzymatic activity and suppression of plant disease. 
Spectroscopic data from 98 composts samples as well as the mentioned conventional 
parameters were collected. Fundamental relations between two matrices can be found by 
means of PLS1. Michel et al. [42] applied a PLS1 to express conventional parameters by 
spectral data. They designed for each conventional parameter a PLS1. Table 2 summarises 
the collected data and results obtained by Michel et al. [42]. The standard error of cross-
validation (SECV) and the coefficient of determination (r2) indicate the quality of prediction. 
The SECV provides information on the prediction error, r2 demonstrates the quality of 
correlation. Composting age and basal respiration show the highest r2. The specific 
enzymatic activity and the suppressive effect show the lowest r2. It should be emphasised 
that biological tests that are carried out with the original wet compost are more susceptible 
to interferences due to the heterogeneity of the material. Michel et al. [42] concluded that 
especially compost age and basal respiration are clearly reflected by the NIR spectrum and 
feature the best results. By contrast, the specific enzyme activity and suppressive effects 
show the worst prediction results. The assigned correlations are illustrated in the paper [42]. 
 

 n Mean Range Outliers 
removed 

SECV r2 

Age [d] 98 183.6 82.0 - 268.0 6 16.7 0.82 
Corg content [%] 97 26.0 16.4 - 41.5 5 2.32 0.77 
Nt content [%] 97 1.4 1.0 - 2.1 4 0.11 0.67 
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3.2.3. Conclusion 

Michel et al. [42] concluded that NIR spectroscopy was a capable method to predict various 
chemical and biological parameters using PLS regression. They believe NIR spectroscopy to 
be capable of monitoring compost quality. 
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3.3. Cluster analysis (CA) 

3.3.1. Objective of the study 

The objective of the study by Ros et al. [27] was to find out the long-term effects of composts 
on soil microbial communities. Different types of compost were applied over a period of 12 
years. DNA was extracted by Ros et al. [27] from differently treated soils. The microbial 
community was described by polymerase chain reaction coupled with denaturing gradient 
gel electrophoresis (PCR-DGGE). They used multivariate data analysis to show the 
differences or similarities of microbial communities using DGGE data.  

3.3.2. Method of evaluation and results 

A polymerase chain reaction coupled with denaturing gradient gel electrophoresis (PCR-
DGGE) was performed to characterize the microbial community. In Fig. 4 a DGGE 
fingerprint is shown. For the interpretation of such fingerprints statistical tools are 
necessary. DGGE data were converted into a binary system for cluster analysis (Fig. 4). As 
mentioned above, cluster analysis visualises the similarity between the samples in a 
dendrogram.  

Ros et al. [27] show the cluster analysis of the DGGE profiles of 16S rDNA from the whole 
bacterial community. The cluster analysis illustrates the segregation of two soil groups. The 
clusters are caused by two different amendments. One cluster comprises the soil with 
compost and nitrogen application, the second cluster represents the soil with amendment of 
different composts (compost + nitrogen as mineral fertiliser). 

 
Figure 4. DGGE fingerprint and an example of a binary DGGE data matrix 

3.3.3. Conclusion 

Ros et al. [27] concluded that the differences between soils with compost with additional 
nitrogen fertiliser, and the second cluster comprising compost, control and mineral fertiliser 
soils are stronger than the influence of the different compost types. Furthermore they 
hypothesised that a certain microbial community inherent to the different composts is 
irrelevant after 12 years of compost application. Based on the cluster analyses of the PCR-
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80 0 0 0 0 0 0 0 1 1 0 0 0 

GC 0 0 0 0 0 0 0 1 1 0 0 1 

OWC 0 1 1 0 0 1 1 1 1 0 0 0 

MC 0 1 1 0 0 1 1 1 1 0 0 0 

SSC 0 1 1 0 0 1 1 1 1 0 0 0 

Control 0 1 1 0 0 1 1 1 1 0 0 0 

GC+80 0 1 0 0 0 1 1 1 1 0 1 1 

OWC+80 0 1 1 0 0 1 1 0 1 0 0 0 

MC+80 0 1 1 0 1 1 1 1 1 0 0 0 

SSC+80 0 1 1 0 0 1 1 1 1 0 0 0 
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DGGE data, they concluded that the combined application of compost and nitrogen affected 
soil properties regarding microbial communities much more.  

3.4. Soft independent modelling of class analogy (SIMCA) 

3.4.1. Objective of the study 

Malley et al. [8] used a portable near infrared (NIR) spectrometer to investigate changes of 
biogenic waste materials during composting. The idea of this study was to observe the 
composting process continuously in an easy and inexpensive way using NIR spectroscopy.  

3.4.2. Method of evaluation and results 

First of all many spectra were collected by Malley et al. [8]. The interpretation of spectral 
data requires experience in spectral interpretation. To provide rapid interpretation of the 
measured infrared spectra Malley et al. [8] applied the classification method SIMCA. The 
SIMCA model allows the assignment of a new sample to a defined class. A SIMCA model is 
always based on the PCAs of the various defined classes. Malley et al. [8] defined 3 different 
classes: raw manure (M), stockpiled manure (S) and manure compost (C). In the study 2 
years of composting were observed (2000 and 2001). Figure 2 by Malley et al. [8] shows the 
scores plot of the PCA based on the spectral data of the three different classes in the year 
2001. The PCA demonstrates a clear grouping of the 3 classes manure, stockpiled manure 
and manure compost. 

Malley et al. [8] illustrated the results of the SIMCA by means of a Coomans plot. In figure 3 
by Malley et al. [8] they show the Coomans plot for the investigations of 2001. The vertical 
and horizontal lines in the Coomans plot mark the 5 % level of significance. That means that 
95 % of the samples that truly belong to this group are found within the line. Due to the fact 
that compost lies on the opposite side of the vertical line from the raw and stockpiled 
samples Malley et al. [8] concluded that compost is significantly different from the other two 
classes. The groups of raw manure and stockpiled manure are overlapping. Thus Malley et 
al. [8] concluded that they did not differ significantly. Nevertheless some raw samples were 
different. With these results Malley et al. [8] demonstrated that spectroscopic data and 
multivariate data analysis, especially SIMCA provides a sensitive analysis to differentiate 
between the products of stockpiles and compost. 

3.4.3. Conclusion 

Malley et al. [8] concluded that NIR spectroscopy and the multivariate data analysis method 
SIMCA can be a rapid, inexpensive method for assessing a composting process.  

4. Critical discussion of multivariate statistical methods 
In fact there are some statistical restrictions, which cannot be solved easily. The simple 
situation starts with the general linear model. This model usually has a character variable y 
depending on one or more predictor variables x1, x2, …, xk: 
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DGGE data, they concluded that the combined application of compost and nitrogen affected 
soil properties regarding microbial communities much more.  
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3.4.1. Objective of the study 
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biogenic waste materials during composting. The idea of this study was to observe the 
composting process continuously in an easy and inexpensive way using NIR spectroscopy.  
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situation starts with the general linear model. This model usually has a character variable y 
depending on one or more predictor variables x1, x2, …, xk: 
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In case of cross-classified two-way analysis of variance (equal subclass numbers): 

 yijk = μ + ai + bj+ wij + eijk, (i = 1,    , a; j = 1, …, b; k = 1, …, n)  (1) 

μ is the general mean, ai are the main effects of factor A, bj are the main effects of factor B, wij 
are the interactions between Ai and Bj, eijk are the random error terms. 

In case of multiple linear regression: 

 yj = β0 + β1 x1j + β2 x2j + … + βk xkj + ej, (j = 1, … , n),  (2) 

yj is the j-th value of y depending on the j-th values x1j, … xkj ; 

ej are error terms with E(ej) = 0, var(ej) = σ² (for all j), cov(ej', ej) = 0 for j'≠j 

The simple case assumes a linear dependency. The statistical parameters (the model 
coefficients) of the model can be estimated, y can be estimated for given values x1, … xk. 
Assuming that the ej are normally distributed, confidence intervals can be calculated for 
each model coefficient and finally tests of hypotheses about the model coefficients can be 
performed. By this procedure each variable can be tested whether its influence on the 
variable y is significantly different from 0 or not. The type I and type II error can be stated. 
Furthermore optimal designs for the experiments and surveys can be calculated [89]. Several 
assumptions are typically made regarding the distribution of the populations and regarding 
homoscedasticity. Furthermore the problem of extreme values and outliers respectively is 
critical, especially in environmental measurements. Increasing the number of regressors and 
factors respectively also increases the error terms. 

For some univariate models robust and powerful alternatives regarding the distribution 
assumptions and regarding homoscedasticity [90-92] already exist. In the case of cross 
classification there is still no satisfying, powerful alternative. Many multiple regressors 
methods (multiple regression models, logistic regression models, discriminant analysis, 
cross classification models) need independent variables. 

In chemometrics some of these problems are highly relevant. Usually the number of 
regressor variables exceeds the number of samples, which excludes most of the common 
oligovariate models. Many of the regressor variables are highly collinear. Due to these 
reasons dimension reduction methods are used such as correspondence analysis or factor 
analysis. The new factors in the latter are strictly independent from one another and can 
therefore be used in conventional models. There are several possibilities to extract these 
factors, like Principal Components or Maximum Likelihood. A possibility to model discrete 
variables is the classification by means of cluster analysis. These clusters can be tested later 
by contingency tables. Both steps (factor analysis and cluster analysis) lead to descriptive 
variables of the data set. Just as all descriptive methods in statistics they do not serve as tests 
against hypothesis of pure chance. There is no risk assessment of the results. Testing of the 
new descriptive variables implies the understanding of these new variables. By loading the 
original variables onto the new variables sometimes the interpretation can be done easily. 
Then models with these variables can be established (PCR or PLS-R) with several quality 
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parameters (e.g. correlation coefficient). A test of significance for the cross-validated r² was 
performed by Wakeling and Morris [93]. In this paper critical values of r² occurring just by 
chance alone are tabulated for one to three dimensional models at a significance level of 5 % 
based on Monte Carlo simulations. A comparable method was used by Stahle and Wold [94] 
to develop a polynomial approximation of the test statistic for the two-class problem and the 
number of objects, the number of variables, the percentage variance explained by the first 
component in X and the percentage of missing values. 

 cvd/sd =√PRESS/RSS (3) 

cvd: cross-validated deviances 
sd: standard deviation 
PRESS: prediction error sum of squares 
RSS: residual sum of squares 

Unfortunately the definition of hypothesis regarding the regression coefficients still refers to 
the new components and provides no results regarding the original variables. There is no 
statistical possibility to prove whether the extraction method is optimal. Other methods of 
dimension reduction are already in use (e.g. Boosting, Random forest). Robust alternatives 
for PLS-R are also available [95]. 

As long as there are no satisfying testing routines, the results of the presented multivariate 
methods have to be interpreted very carefully. There is an inherent risk of over-
interpretation, especially when using descriptive methods such as PCA or cluster analysis. 
There is no definition of the error probability of the results. That means whatever 
interpretation of the picture is done, it could be just pure coincidence and there is no 
information about the risk. The only possibility to overcome these problems would be to 
analyse a large number of samples and in case of regression models to validate these 
models. 

5. Summary 

In waste management research and practice often huge data sets for statistical evaluation are 
required to verify the findings. This request concerns both the natural scientific and the 
logistic field of waste management. Huge data sets can be generated on the one hand by 
vast numbers of investigated parameters and samples and on the other hand by modern 
analytical methods such as spectroscopic, chromatographic methods or thermal analysis. 

Multivariate data analysis can help to explore data structures of the investigated samples. 
Another advantage is that the results can be displayed graphically. Furthermore, validated 
models can serve as adequate evaluation tools for practical application. Different software 
types are offered to develop such evaluation tools. 

In this study the most important multivariate data analysis methods applied in waste 
management were described in detail and documented by a literature review. It could be 
demonstrated that Principal Component Analysis (PCA) and Partial Least Square 
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Regression (PLS-R) are the most applied methods in waste management. PCA was used to 
find hidden data structures, groupings and interrelationships of data. In most cases PLS-R 
was applied to predict parameters using new analytical instruments that allow faster and 
cheaper analyses.  

In general it can be stated that multivariate data analysis was successfully applied in all 
experiments. Several authors compared different multivariate methods to determine which 
one provided the best results. Depending on the data set and the question to be answered 
the appropriate method must be identified. 
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1. Introduction 
Humans has constantly changed the environment, requiring the design and the development 
of new technologies and these, in turn, eventually modify the man, his attitudes and society as 
a whole. This demand for innovations may be the result of well-intentioned ideas for a better 
life, or they may appear at the intention of ostentation of fetishes or even to perpetuate 
conditions of inequalities and hegemonic power [1-3]. Thus, different forms of relationship 
between society and technology are set out in pursuit of progress. A growing concern to 
integrate science and technology (S&T) for the welfare of society gets increasingly more space, 
especially since last century, when we felt a strong mixture of hope and fear on seeing the 
concretization of man’s dream to conquer space at the same time in which the world feared for 
its end due to major advances in nuclear weapons [4-6]. 

In an attempt to discuss the results of progress, much has been said about the formation of 
citizens conscious and able to take decisions involving the welfare of the community, at the 
same time they get prepared to live in a technological and dynamic society [7-13].  

To better understand the scene briefly discussed here, this work propose the creation and 
analysis of indicators of how society can influence people in their relationships with 
technology, reflecting their conceptions or their attitudes towards the technological 
development. The understanding of these relationships can generate foundations for many 
discussions, especially for the support of future questions of how public policies for science, 
technology and education will allow a more effective and active participation by the citizens 
in decisions involving technological aspects. 
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1. Introduction 
Humans has constantly changed the environment, requiring the design and the development 
of new technologies and these, in turn, eventually modify the man, his attitudes and society as 
a whole. This demand for innovations may be the result of well-intentioned ideas for a better 
life, or they may appear at the intention of ostentation of fetishes or even to perpetuate 
conditions of inequalities and hegemonic power [1-3]. Thus, different forms of relationship 
between society and technology are set out in pursuit of progress. A growing concern to 
integrate science and technology (S&T) for the welfare of society gets increasingly more space, 
especially since last century, when we felt a strong mixture of hope and fear on seeing the 
concretization of man’s dream to conquer space at the same time in which the world feared for 
its end due to major advances in nuclear weapons [4-6]. 

In an attempt to discuss the results of progress, much has been said about the formation of 
citizens conscious and able to take decisions involving the welfare of the community, at the 
same time they get prepared to live in a technological and dynamic society [7-13].  

To better understand the scene briefly discussed here, this work propose the creation and 
analysis of indicators of how society can influence people in their relationships with 
technology, reflecting their conceptions or their attitudes towards the technological 
development. The understanding of these relationships can generate foundations for many 
discussions, especially for the support of future questions of how public policies for science, 
technology and education will allow a more effective and active participation by the citizens 
in decisions involving technological aspects. 
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Thus, considering that the man, inserted in a society, conceives creates or enhances 
technologies, in this paper we will present hypotheses, futilely transformed in models that 
these social interactions also influence the conception that the individual has about the 
technology and these require different attitudes facing the technological development in the 
quest for sustainability. 

2. Research problem 
Considering the aspects mentioned in the introduction, here is formulated the research 
problem to be developed in this work: how the undergraduate students in the State of São 
Paulo perceive the relationship between technology and society and how they position 
themselves ahead of technological development. 

3. Research goals 
The main goal of this research is to analyze and test, using Structural Equations Modeling 
(SEM), the adhesion of different models that relate the interactions among man, society, 
environment and technology (conceptions and expectations and/or attitudes). To do so, we 
conducted a survey of the main aspects (or dimensions) of technological activities, such as: 
indicators of production and technology diffusion, the perception of the current model of 
society in our day by people from various sectors of our society and indicators of technological 
challenges in today's contemporary world scene. It will also be developed a scale capable of 
generate models that allow a better understanding of how individuals understand the 
technology and what they expect from it nowadays, taking into account the influence of social 
factors such as antecedent. Finally, we will present a theoretical hypothesis and the 
development of its respective model able to relate the points covered in previous sections. 

4. Science, technology and society: Historical bases and sociological 
studies 

The advancement of science and technology, often overblown, raised a concern to integrate 
science and technology for the welfare of society, especially since mankind, in the last 
century, felt a mixture of hope and fear when seeing realized man's dream to reach the 
space, at the same time that the world feared for their end because of major advances in 
nuclear weapons. The apathy of society regarding the decisions in science and technology at 
the beginning of last century was changing while new discoveries began to bring unpopular 
consequences and show disastrous prospects for the future of humanity. [14].  

Especially in English-speaking countries, the economic crises turned on social alarms about 
some ecological aspects, such as, for example, the side effects of some bactericides and the 
war in Vietnam. These were some of the factors that led to the first anti-establishment 
actions, giving rise in the international arena to new positions and attitudes towards 
irrational advance of modern society. Due to strong political and economic crises that 
plagued the world, step by step, the belief in the neutrality of science and the naive view of 
technological development, which once dominated the social scene, was fading. A 
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discussion of political and social implications of the production and application of scientific 
and technological knowledge was required, both in the social sphere as in the classroom [15, 
16]. And so, as a way to consciously challenge the overblown advances that the world saw 
emerge, raised in some parts of the world in the mid-1970s, a movement that tried and still 
tries to establish a tripod: Science, Technology and Society (STS), searching for a stronger 
integration and a more critical training of future professionals, as well as seeking to obtain 
new theories about the implications and relations of science and technology in society [17].  

Two traditions have been recognized within the scope of CTS: the North American, which 
emphasizes more the social consequences and prioritizes a greater emphasis on technology, 
marked by strong ethical and educational issues, and the European, which has the 
unmistakable mark to focus their investigations on issues which discuss more the science 
through anthropological, sociological and psychological referrals [18]. The power of the CTS 
movement took place through several curricular innovations around the world, either as a 
discipline, or even as changes in the way of inserting some topics in already existing and 
structured courses. Contents or the integral transformation of the curriculum, with the main 
objective to provide students a formation able to assist in the most different decision-making 
processes that occur in everyday life, having as reference the values considered as ethical 
and moral by society. 

5. The facets of technology: Myths and realities 
The diversity of ways in which technology was and is developed and studied over the years 
that man inhabits and modifies the world makes us realize that it is structured in its own 
field of knowledge, involving other aspects such as the culture of the society where it has 
been developed and its organization. In [19] it is shown that technology requires from their 
agents a deep knowledge of how and why your goals are achieved also are requiring a 
reformulation of structures and goals of the society where it is installed. Thus, technology 
can be seen as a set of human activities associated to an intricate system of symbols, 
machinery and instruments, always aiming the construction of works and artifacts, 
according methods and processes from modern science. Through the bibliographical survey 
presented, it is possible to see the diversity of opinions and studies that exist to try to better 
understand technology. Table 1 shows a summary of these conceptions. 
 

CONCEPTION OF 
TECHNOLOGY 

WAY OF UNDERSTANDING REFERENCES 

intellectualist 
Understands the technology as a practical knowledge 
derived directly from the development of scientific 
knowledge through progressive and cumulative processes.

[20-26] 

UTILITARIAN 
Considers technology as being a synonym of technique. 
That is, the process involved in its development has not 
relationship with technology, just its purpose and use. 

[7, 14, 24, 25] 

TECHNOLOGY AS A 
SYNONYM OF 
SCIENCE 

Faces technology as Natural Sciences and Mathematics, 
with the same logic and same patterns of production and 
design. 

[16, 27-34] 
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CONCEPTION OF 
TECHNOLOGY 

WAY OF UNDERSTANDING REFERENCES 

Instrumentalist 
(OR artifactual) 

Considers technology as being simple tools, artifacts, or 
products, usually sophisticated. 

[14, 22, 25, 35-38] 

TECHNOLOGICAL 
NEUTRALITY 

Understands that technology is neither good nor bad. 
Its use is that may be inappropriate, not the artifact 
itself. 

[4, 22, 25, 39, 40, 
41] 

Determinism 
TECHNOLOGICAL 
(AUTONOMOUS 
TECHNOLOGY) 

Considers technology as being autonomous, self-evolving, 
following naturally its own momentum and logic of 
evolution, lacking the control of human beings. 

[4, 22, 25, 40, 41] 

UNIVERSALITY OF 
TECHNOLOGY 

Understands technology as something universal; the same 
product, service or artifact could arise in any location and, 
therefore, be useful in any context. 

[9, 41] 

TECHNOLOGICAL 
PESSIMISM 

Considers technology as something harmful and hurtful to 
the sustainability of the planet, responsible for the 
degradation of the environment and the widening of social 
inequalities. 

[7, 42-48] 

TECHNOLOGICAL 
OPTIMISM 

Understands technology as having mechanisms able to 
ensure the sustainable development and solve 
environmental, social and materials problems. 

[2, 3, 7, 45, 49-60] 

SOCIAL SYSTEM 
Considers that technology is determined by the interaction 
of different groups through social, political, economic, 
environmental, cultural and others relationships. 

[5, 17, 22, 24, 25, 
27, 36, 61-71] 

 

Source: [10] 

Table 1. Referenced overview of the different conceptions of technology. 

6. The challenges of technology in the contemporary world scene  

It is known that sustainable development is volatile and requires a complex series of 
complementary policies, due to the uncertainty of the generation and distribution of 
knowledge of C & T [51]. In addition, there is the lack of appropriate instruments or the 
inability of scientific models to measure the environmental impacts. [72]. According to [73] 
the relationship between technology and the environment occurs in an uncertain way, being 
very difficult to predict which current and future impacts can be brought by technological 
innovation. The generation of new “clean technologies” becomes a challenge. At this point, 
the political factor should be relaxed, because the environmental goals of short and long 
term may not be compatible, as well as the policies in force, with innovative attitudes. From 
the literature reviewed, national and international papers and documents were analyzed, 
showing the main challenges identified by theorists, researchers and technicians, as being 
the current problems that the technological development faces worldwide. What we were 
able to check is that sustainability and environmental conservation are issues prioritized in 
the material analyzed ([2, 3, 7, 8, 34, 44, 45, 50, 56-60, 67, 74-89]).  
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7. Methodological procedures of the research 

This work is characterized as a quantitative research. This option is based on the assertion in 
[90] that the structural equation model provides a direct method to simultaneously handle 
with multiple dependency relationships with statistical efficiency, exploring them in depth, 
generating confirmatory analysis, and allowing the representation of unobservable concepts in 
these relationships, verifying even possible measurement errors that occurred during the 
statistical process. By establishing an alternative to analyzing the relationship between society 
and its influence on conceptions and attitudes of undergraduate students facing the 
technological development, the structural equation modeling and the procedures for 
descriptive and multivariate analysis denote a precondition to the application of the technique. 

7.1. Theoretical models and research hypotheses 

In this way, evidences were pointed out that the literature, on numerous occasions, provides 
broad considerations that indicate that society generates demand for new technologies and 
these, in turn, change habits, relationships and forms of consumption of the individuals who 
make use thereof. 

7.2. Introducing the model 

We created a master model that relates the conceptions (CON) that individuals have about 
technology, their attitudes and expectations facing the technological development (ATI) and 
the influences of the social aspect (DSO). Due to the theoretical recommendations of the 
adopted method, four models were tested in the study. However, to simplify and make the 
research more objective, this paper will present only the original model, related to the null 
hypothesis of the research. Thus, starting from this model, the relations among the 
constructs with the lowest number of causal pathways will be defined, taking as 
fundamental change the antecedent factor (also treated as an independent variable or 
exogenous) in the causal relationships ([90, 91]). Initially, DSO1 model was chosen, which is 
characterized by having the social dimension (DSO) as an antecedent to the factors 
conception (CON) and attitude (ATI). Thus, the graphical representation of causal 
relationships among the constructs, known as path diagram, is shown in Diagram 1. 

 

DSO: independent variable (exogenous). CON e ATI: dependent variables (endogenous). 

Source: [10] 

Diagram 1.  Structural relationship Model - DSO1: Influence of Society. 
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In general, this model can be translated into the following hypothesis: the social dimension 
influences the conceptions of technology of the individuals within it, providing favorable 
attitudes in the face of a sustainable technological development. 

This initial model formed the basis for other five variations, two of which were obtained by 
exchanging the places of the constructs in the model, and the remaining three were obtained 
from their respective inverse relationships. 

7.3. Formulation of indicators and development of the research tool 

All the literature review summarized in Figure 1 passed through a systematic process of 
analysis and classification for the construction of the research tool. The values obtained 
resulted from a process of content analysis which methodology will be described below. From 
papers, books, national and international documents, this study aimed to collect information 
provided in each text classifying all existing conceptions about technology as well as which are 
the challenges of technology in today's global scenario. It was also prioritized the provision of 
information that could classify the various sectors of society. Based on these categorizations, 
the indicators of this work were developed. All variables were grouped into categories and 
transformed into statements (indicators) and the end result, after a refinement based on the 
methodology of content analysis in [92], is presented in tables 2, 3 and 4. 

 
DIMENSIONS INDICATORS

CONCEPTIONS 
OF 
TECHNOLOGY 

CON 01: Technology is the application of laws, theories and models of science. 
CON 02: The technology does not need theories; only needs to be practical and 
efficient. 
CON 03: Technology explains the world around us. 
CON 04: Today there are technologies that can be purchased at an affordable price 
for many, such as cell phones, stereos, computers, etc. 
CON 05: Technologies are tools (or artifacts) built to assist humans in solving 
different types of tasks. 
CON 06: The technology does not suffer influences from society. 
CON 07: The way we use technology is what determines whether it is good or bad. 
CON 8: The inventor loses control over the invention since it is available to the 
public. 
CON 9: A new technological discovery can be useful anywhere in the world. 
CON 10: Technology can destroy the planet. 
CON 11: Technology increases the socio-economic inequalities. 
CON 12: Technology threatens the privacy of individuals. 
CON 13: The benefits of technological development are greater than its negative 
effects. 
CON 14: Genetic engineering can help to cure diseases. 
CON 15: Different groups of interests determine the technological production from 
social, political, economic, environmental and cultural relationships. 

Source: [10] 

Table 2. Indicators proposed for Conceptions of Technology. 
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SOCIAL 
DIMENSION 

DSO 01: The government must not influence in decisions of technological 
development. 

DSO 02: The technological research developed by companies is directed to 
hegemonic private interests aiming solely at profit. 

DSO 03: The decisions and technological choices have nothing to do with codes of 
ethics and conduct. 

DSO 04: The educational and research institutions, such as large universities must 
conduct research to develop new technologies. 

DSO 05: Non-governmental organizations (NGOs) should have an active voice in 
technological decisions. 

DSO 06: Environmental organizations can prevent or stop the technological 
development. 

DSO 07: Religious organizations can prevent or stop the technological 
development. 

DSO 08: It is important the effective participation of citizens in issues related to 
decision making in technology. 

DSO 09: Personal interests do not influence the process of technology creation. 

DSO 10: Religious beliefs do not affect the work of scientists and experts involved 
in the production of technology. 

DSO 11: Media influences the production of technology. 

DSO 12: Ethnic minorities have no guaranteed space to assist in choosing new 
technologies. 

Source: [10] 

Table 3. Proposed Indicators for the Social Dimension. 

ATTITUDES 
TOWARD 
TECHNOLOGICAL 
DEVELOPMENT 

ATI 01: I use technology to socialize information. 

ATI 02: I am not able to express an opinion about technology, because in 
decisions of this magnitude should be left to experts. 

ATI 03: I choose a technology by its efficiency. 

ATI 04: I choose a technology due to its practicality. 

ATI 05: At the time of purchase of a new technological product the price is the 
determining factor for my choice. 

ATI 06: Technology consolidates the democratization of relations among human 
beings. 

ATI 07: I am aware to the issues related to technology that appear in the media. 

ATI 08: I welcome the increase in investment in technology even if it means 
spending less on social programs. 

ATI 09: I would use nuclear power without questioning, because it is a plausible 
exit to solve future problems of the energy crisis. 

ATI 10: The concern about future generations should be a crucial point to drive 
technological choices. 
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Source: [10] 

Table 2. Indicators proposed for Conceptions of Technology. 
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SOCIAL 
DIMENSION 

DSO 01: The government must not influence in decisions of technological 
development. 

DSO 02: The technological research developed by companies is directed to 
hegemonic private interests aiming solely at profit. 

DSO 03: The decisions and technological choices have nothing to do with codes of 
ethics and conduct. 

DSO 04: The educational and research institutions, such as large universities must 
conduct research to develop new technologies. 

DSO 05: Non-governmental organizations (NGOs) should have an active voice in 
technological decisions. 

DSO 06: Environmental organizations can prevent or stop the technological 
development. 

DSO 07: Religious organizations can prevent or stop the technological 
development. 

DSO 08: It is important the effective participation of citizens in issues related to 
decision making in technology. 

DSO 09: Personal interests do not influence the process of technology creation. 

DSO 10: Religious beliefs do not affect the work of scientists and experts involved 
in the production of technology. 

DSO 11: Media influences the production of technology. 

DSO 12: Ethnic minorities have no guaranteed space to assist in choosing new 
technologies. 

Source: [10] 

Table 3. Proposed Indicators for the Social Dimension. 

ATTITUDES 
TOWARD 
TECHNOLOGICAL 
DEVELOPMENT 

ATI 01: I use technology to socialize information. 

ATI 02: I am not able to express an opinion about technology, because in 
decisions of this magnitude should be left to experts. 

ATI 03: I choose a technology by its efficiency. 

ATI 04: I choose a technology due to its practicality. 

ATI 05: At the time of purchase of a new technological product the price is the 
determining factor for my choice. 

ATI 06: Technology consolidates the democratization of relations among human 
beings. 

ATI 07: I am aware to the issues related to technology that appear in the media. 

ATI 08: I welcome the increase in investment in technology even if it means 
spending less on social programs. 

ATI 09: I would use nuclear power without questioning, because it is a plausible 
exit to solve future problems of the energy crisis. 

ATI 10: The concern about future generations should be a crucial point to drive 
technological choices. 
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ATI 11: I am aware that my technological choices will help to overcome the water 
crisis in the twenty-first century. 

ATI 12: Having financial conditions, when buying a new phone, I choose the one 
which has more features and functions. 

ATI 13: With the safe use of technology it is possible to protect nature from 
human contamination. 

ATI 14: avoid using technological artifacts that cause environmental destruction. 

ATI 15: I know that genetically modified foods may be the solution to world 
hunger. 

ATI 16: I do not buy furniture that is not made from certified wood. 

ATI 17: I admit the exploitation of nature instead of the welfare of humanity. 

Source: [10] 

Table 4. Proposed Indicators for Attitudes toward technological development. 

7.4. Sampling and data collection 

In this research we adopted the technique of cross-section as it brings the advantage of 
allowing the acquisition of a picture of the variables of interest at a given moment in time 
and to emphasize the selection of a significant and representative sample of the target 
population ([93, 94]). 

The four institutions that represented the sampling unit were selected considering the 
criteria of being institutions both public and private. The selected public university, located 
in Campinas/SP, has students from different regions of Sao Paulo State, as well as the other 
three private institutions. These private institutions were one university and one faculty of 
Sao Paulo/SP and one faculty of Campinas/SP. The two private faculties selected receive 
students from different regions in the state and were also chosen because the researcher had 
already served for a long period in one of them and is now starting activities in the other 
one. The diversity of courses that the four institutions have was also a decisive factor in their 
choices.  

The data collection in the public institution was done directly with the students, from 
different courses, and the questionnaires were, in the most part, passed before the beginning 
of the classes in the days chosen for the data acquisition. Students were selected from the 
following courses: Environmental Engineering, Computer Science, Nutrition, Psychology, 
Business Administration with emphasis in International Business, Electrical Engineering, 
Production Engineering, Physics, Mathematics, Technology in Environmental Management, 
Administration and Education.  

Initially, around 1006 questionnaires were returned, yielding a proportion of almost 23 
interviewed by assertion. However, LISREL software was used in a procedure that made the 
disposal of questionnaires that were not fully answered. Thus, the amount passed to 600 
valid questionnaires, representing a proportion of nearly 14 respondents per statement, 
which is a significant value considering [90] as basis, and taking into account that the model 
is not complete and it still gave a good fit in LISREL software. 
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8. Methodology of data analysis and results  

Following guidelines from [90], at the end of the collect, the data recorded in the 
questionnaires were entered in an Excel spreadsheet to be later processed by specific 
statistical software’s to aid in the treatment and analysis of quantitative data. The software 
SPSS 13.0 was used to verify the reliability and constructs unidimensionality, as well as the 
system LISREL 8.54, one of the most traditional statistical structural equation modeling 
package that became popular in social science research, as shown in [95], and has adequate 
resources to the purposes of this research ([91, 95-102]). A The coding was made with the 
SIMPLIS command language, available in the system, which made possible the estimation 
of the parameters of the model through confirmatory factorial analysis, according to 
different estimation methods, and the verification of the respective measures of adjustment 
of the models. 

8.1. Individual evaluation of the constructs 

From the individual evaluation of each construct was then possible to conduct the 
validation of the models of measures of each of these (DSO, ATI and CON) and this 
validation was performed by applying the Confirmatory Factorial Analysis (Confirmatory 
Factor Analysis - CFA). This technique has the purpose to test the hypothesis of adjustment of 
empirical data to a theoretical model, where a relationship structure is imposed and 
confirmed by analysis. Nevertheless, the variables need not to be related to all common 
factors. In particular, as is the case of this investigation, each variable is related to only one 
factor. 

8.2. Unidimensionality of the constructs 

The constructs presented earlier had their dimensionalities tested since this action is an 
premise to the reliability of the construct. The observation of the unidimensionality was 
made observing if each value of the normalized residue matrix  of the construct was lower 
than 2.58, in modulus, at a level of significance of 1%, indicating if the effect on the overall 
adjustment of the model was low. In each process the indices of fit were checked, 
supplemented by information generated by the option "Modification Index" programmed in 
LISREL ®, which points out how much is expected to decrease the chi-square if a given a re-
estimation occurred, as in [98].  A detailed analysis of the standardized residuals of all 
dimensions was made and it was found that the overall quantity of residues which exceeds 
the value of 2.58 is very low and don't reaches 3% of the total. Thus, the unidimensionality 
of the constructs is not compromised. 

8.3. Reliability of the constructs 

Reliability is a measure of the internal consistency of the construct indicators and of the 
adequacy of the scales to measure it. According to the authors, a value commonly used for 
acceptance of reliability is 0.70, although this is not an absolute standard, and values below 
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0.70 have been accepted if the research is exploratory in its nature and this value was 
observed in the research. The results from each one of the dimensions are indicated in the 
following table (Table 5):  
 

Constructs Composite Reliability of the Construct 
DSO Models 0,704161 

CON Models 0,703772 

ATI Models 0,716902 

Source: Lisrel® Software 

Table 5. Composite Reliability of the Constructs 

As can be seen, the values are higher than the reference commonly established when 
calculated for each of the constructs. This indicates that the measures performed are suitable. 

8.4. Adjustment measures of the constructs 

In this step we evaluated all the models seeking to understand the structural relationships 
hypothesized. The most common procedure for the estimation of these parameters and 
which usually has higher efficiency, in accordance with [90], is the Maximum Likelihood 
method (Maximum Likelihood Estimation – MLE). The results achieved (Table 6) with the MLE 
method were well adjusted, considering the values given in the literature.  
 

Main Indicators of the 
Adjustment of the 
Model 

Values Obtained with the MLE Method REF. 
VALUES DSO1 DSO2 CON1 CON2 ATI1 ATI2 

Degrees of freedom 144 143 144 143 144 143 X 
Chi-square 218.865 218.131 218.865 218.131 218.16 218.131 X 
Weighted Chi-square
 (χ2/GL) 1,52 1,53 1,52 1,52 1,52 1,53 lower than 

5,00 
Root Mean Square 
Error of 
Approximation 
(RMSEA) 

0.0308 0.0309 0.0308 0.0309 0.0306 0.0309 Between 0,05 
and 0,08 

Normed Fit Index 
(NFI) 0.817 0.818 0.817 0.818 0.818 0.818 Over than 

0,90 
Non-Normed Fit Index 
(NNFI) 0.913 0.912 0.913 0.912 0.914 0.912 Over than 

0,90 
Comparative Fit Index 
(CFI) 0.927 0.927 0.927 0.927 0.928 0.927 Over than 

0,90 
Goodness of Fit Index 
(GFI) 0.962 0.962 0.962 0.962 0.962 0.962 Over than 

0,90 
Adjusted Goodness of 
Fit Index (AGFI) 0.95 0.949 0.95 0.949 0.95 0.949 Over than 

0,90 

Source: [10] 

Table 6. Comparison of the Measures of Adjustment of the Model with MLE. 
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These measures were used as a way to evaluate each construct and the integrated model, 
because an adjusted model provides a benchmark for the confirmation of the validity of the 
constructs and the relationships among them, with respect to the complete structural model.  

8.5. Evaluation of the integrated model 

Several indicators were excluded in an attempt to get the best fitted model resulting in a 
total of 44, 19 indicators on the scale validated following the guidelines of [90]. Applying the 
MLE technique to estimate the model with antecedents in the social dimension, we obtained 
the structural equations, t-values of the estimated parameters and their respective R2, as 
shown in Table 7 for the estimation of DSO1, the t-values are above to 1.96 for a level of 
significance of 5%. This demonstrates the significant contribution of the endogenous 
constructs (conceptions and attitudes) for the Social Dimension (DSO) predictor construct 
and we have this model as the most adequate, satisfying the theory and our initial 
hypothesis.  
 

Models 
METHOD OF ESTIMATION MLE

structural equations t-values R2 

DSO1 
ATI = 1.096*DSO 7.708 1.202 

CON = 1.016*DSO 6.220 1.033 
DSO2 DSO = 0.116*ATI + 0.764*CON 0.188 e 0.906 0.795 

CON1 
ATI = 1.109*CON 7.896 1.231 
DSO = 0.880*CON 1.288 0.774 

CON2 CON = 4.408*ATI - 3.386*DSO 0.271 e -0.208 1.908 

ATI1 
DSO = 0.889*ATI 1.354 0.791 
CON = 1.069*ATI 6.348 1.144 

ATI2 ATI =  - 0.145*DSO + 1.249*CON -0.151 e 1.327 1.257 

Source: LISREL® Software 

Table 7. Complete model estimated according to the MLE method. 

These results indicate that the model which predicts the other variables is the DSO1. 

8.6. Presentation of the fitted model 

From the observations presented in the previous sections, the best fitted model showed a 
number of constructs and indicators below the initial, as shown in Table 8 and graphically 
represented in Diagram 2. 
 

CONSTRUCTS VARIABLES
SOCIAL DIMENSIONS DSO 01; DSO 02; DSO 04; DSO 06; DSO 08 

CONCEPTIONS OF TECHNOLOGY CON 01; CON 03; CON 05; CON 07 
ATTITUDES TOWARDS THE 

TECHNOLOGICAL DEVELOPMENT 
ATI 01; ATI 05; ATI 06; ATI07; ATI010; ATI 11; ATI 

12; ATI 13; ATI 15; ATI 16 

Source: [10] 

Table 8. Adjusted Model of Measure. 
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Diagram 2. Path Diagram of the Integrated Model. 

In summary, it can be said that the final model proposed was adequate and the various 
factors, in turn, significant. Thus, it is clear that the social dimension, measured by the DSO 
construct, can be considered a predictor of the attitudes (ATI) and conceptions (CON) 
related to the technology and that, by the unadjusted models, the inverse relationships are 
not true for the sample consulted.  

9. Concluding remarks 

Seeking an understanding of how elements of society can influence the conceptions and 
attitudes of individuals concerning the technological development, this research developed 
a theoretical model from which a research tool was elaborated and applied with 
undergraduate students.  

It was found that all models were adjusted, but only the model DSO1 attested the research 
hypotheses according to the results previously presented. 

The society, in the created model, was represented by different variables which represented 
specific sectors. Among all possibilities, in a comprehensive manner, the adjusted model 
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showed that the undergraduate students surveyed gave evidence that the government, the 
research and educational institutions, and also the citizens in general, are the components 
that best represent, or could represent, the society in processes of technological decision 
making. Either for the choice of new technologies as for the development of other, with 
these points in common it is possible to say that undergraduates expect a government 
position at the same time they feel able to participate in a more active form. 

Complementing the scenery, the indifference presented regarding the environmental non-
governmental institutions may not mean a lack of opinion, but tend to show that issues of 
sustainability and preservation of the planet must be taken into consideration. This will be 
evident in the analysis of the attitudes that will be made in future paragraphs.  

Summarizing these statements we can say that government, people, academic and 
educational sectors should join forces for better choices and technological decisions. This 
statement shows that all the literature indicated in Section 4 is consistent with the fitted 
model. Thus, these considerations show the reflex of the society in the attitudes of people in 
their technology choices and it can also be said that this reflex is also present in the way they 
understand the technology.  

In the case of the conceptions, for one of the dependent constructs, we can infer that the 
undergraduates surveyed show three basic aspects that commonly appear as indicators of 
common sense of the interpretation of technology. More generally, one can say that the 
research has shown that technology is understood by the great majority of undergraduates 
as being intellectualistic and synonymous of science, as well as neutral and instrumentalist. 

This way, the research shows that understanding technology as a practical knowledge 
derived from scientific theoretical knowledge, or even mistakes it with science, is a strong 
indicator. This means that a deeper reflection about the production process of technology 
and all of its real reasons of conception are not present in the majority of respondents. The 
instrumentalist conception supports this conclusion significantly. If the process is not 
considered, there remains only the product. And the use of this product is sole 
responsibility of the person who acquires it, not reflecting, this way, the interests of the 
developers. This statement is supported by the neutral view of technology also present in 
the model. 

In general, even the concept of technology can be somewhat limited, its direct dependence 
on social factors is a good indicator and raises good evidence that undergraduates expect 
that influential sectors of the society act jointly in the development process of technology. 

Regarding the attitudes (ATI), the second construct dependent on the social background 
(DSO), three points are possible to identify in a more comprehensive way: the awareness of 
the need to ensure the sustainability of the planet, consuming appropriate technologies, the 
use of technologies to socialize information and keep informed, and the practical 
manifestation of the instrumentalist conception. By taking again as a starting point the social 
dimension, we can infer that the students surveyed believe that jointly, government, 
teaching and research institutions and the population in general, can combine efforts to the 
pursuit of sustainable development. Thus, progress is possible if, and only if, political, social 
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This way, the research shows that understanding technology as a practical knowledge 
derived from scientific theoretical knowledge, or even mistakes it with science, is a strong 
indicator. This means that a deeper reflection about the production process of technology 
and all of its real reasons of conception are not present in the majority of respondents. The 
instrumentalist conception supports this conclusion significantly. If the process is not 
considered, there remains only the product. And the use of this product is sole 
responsibility of the person who acquires it, not reflecting, this way, the interests of the 
developers. This statement is supported by the neutral view of technology also present in 
the model. 

In general, even the concept of technology can be somewhat limited, its direct dependence 
on social factors is a good indicator and raises good evidence that undergraduates expect 
that influential sectors of the society act jointly in the development process of technology. 

Regarding the attitudes (ATI), the second construct dependent on the social background 
(DSO), three points are possible to identify in a more comprehensive way: the awareness of 
the need to ensure the sustainability of the planet, consuming appropriate technologies, the 
use of technologies to socialize information and keep informed, and the practical 
manifestation of the instrumentalist conception. By taking again as a starting point the social 
dimension, we can infer that the students surveyed believe that jointly, government, 
teaching and research institutions and the population in general, can combine efforts to the 
pursuit of sustainable development. Thus, progress is possible if, and only if, political, social 
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and economical efforts, are gathered in the search of a growth able to preserve the natural 
and material resources to ensure the well being of people. 

With a differentiated education, new educational public policies may be developed in order 
to point to a sustainable world, whose maintenance of the life forms and inanimate 
resources can only be achieved through the joint action of all sectors of society. With an 
efficient technological education it is possible to educate for the consumption in a conscious 
and not so materialistic way, as pointed by some attitudes of the model. With a conscious 
technological education and with the use of all socializing and educational potential of 
technology, it is possible to manage and generate gradually an educational system solid and 
participatory. 

Finally, it is possible to establish a contrast with the idea of consumption that also appeared, 
which indicates that the economic sector of society, which aims at maintaining a competitive 
market structure, also exerts influence. Even so, the adjusted model showed that the 
attitudes (or intentions) of undergraduates show evidence of change of attitude in college 
students that, even in a subjective way, give evidence that it is necessary to create a social 
mechanism where the holders of the technical knowledge must meet with the 
representatives from all sectors of society to decide which new technological systems should 
be adopted, since it does not harm the environment. 

We emphasize that it was found that undergraduate students surveyed have a limited 
conception of technology, and this, as showed in the survey, is a reflection of the society in 
which they are inserted. Another point to be considered is the social reflex in the attitudes of 
the individuals facing the technological development. The study showed that there is a 
sustainable awareness, but also showed that some key variables of technological advances 
presented in the research model does not appear so striking in the way the students 
surveyed are positioned. These two observations open up space for a last important point: 
society, in general, need a technological reeducation, so that the citizens within it start to 
understand the process of technological decision making in a more comprehensive way and 
become capable to reflect about the different aspects related to the social environment in 
which they belong.  

Thus, speaking in rethink the public policies in education is to propose the use of 
technological knowledge in education. And that does not mean simply perform tasks for 
training or specialization in new technologies, but to ensure to the students a solid 
foundation that helps them to manage and generate, in the future, the demands placed on 
society. The integration means of the individual in society, as well as their formation, more 
critical and more human. 
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and economical efforts, are gathered in the search of a growth able to preserve the natural 
and material resources to ensure the well being of people. 

With a differentiated education, new educational public policies may be developed in order 
to point to a sustainable world, whose maintenance of the life forms and inanimate 
resources can only be achieved through the joint action of all sectors of society. With an 
efficient technological education it is possible to educate for the consumption in a conscious 
and not so materialistic way, as pointed by some attitudes of the model. With a conscious 
technological education and with the use of all socializing and educational potential of 
technology, it is possible to manage and generate gradually an educational system solid and 
participatory. 

Finally, it is possible to establish a contrast with the idea of consumption that also appeared, 
which indicates that the economic sector of society, which aims at maintaining a competitive 
market structure, also exerts influence. Even so, the adjusted model showed that the 
attitudes (or intentions) of undergraduates show evidence of change of attitude in college 
students that, even in a subjective way, give evidence that it is necessary to create a social 
mechanism where the holders of the technical knowledge must meet with the 
representatives from all sectors of society to decide which new technological systems should 
be adopted, since it does not harm the environment. 

We emphasize that it was found that undergraduate students surveyed have a limited 
conception of technology, and this, as showed in the survey, is a reflection of the society in 
which they are inserted. Another point to be considered is the social reflex in the attitudes of 
the individuals facing the technological development. The study showed that there is a 
sustainable awareness, but also showed that some key variables of technological advances 
presented in the research model does not appear so striking in the way the students 
surveyed are positioned. These two observations open up space for a last important point: 
society, in general, need a technological reeducation, so that the citizens within it start to 
understand the process of technological decision making in a more comprehensive way and 
become capable to reflect about the different aspects related to the social environment in 
which they belong.  

Thus, speaking in rethink the public policies in education is to propose the use of 
technological knowledge in education. And that does not mean simply perform tasks for 
training or specialization in new technologies, but to ensure to the students a solid 
foundation that helps them to manage and generate, in the future, the demands placed on 
society. The integration means of the individual in society, as well as their formation, more 
critical and more human. 
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1. Introduction 

Environmental degradation is attributable to improper industrial wastewater disposal, a 
situation that has caused serious contamination problems in many countries worldwide. 
Global consumption of potable water doubles every twenty years due to an exponential 
increase in world population (Han et al., 2009).  

Industrial processes can create a wide variety of chemicals that pollute the air and water, 
with adverse impacts to ecosystems and humans. These impacts are caused by the polluting 
compounds that have toxic, carcinogenic, and also mutagenic properties (Busca et al., 2008). 
The treatment of wastewater containing phenolic compounds can be accomplished using 
applied principles of chemical oxidation, settling, membrane filtration, osmosis, ion, 
precipitation, and coagulation among other methods (Lin; Juang, 2009).  

The treatment of hazardous wastes and reducing the presence of aqueous organic pollutants 
have placed focus on the use of alternatives to the standard environmental practices, such as 
the use of Advanced Oxidation Processes (AOPs), especially for the wastewater treatment 
(Segura et al., 2009).  

AOPs are considered a highly effective means of water treatment contributing to the 
effective removal of organic pollutants that, otherwise, are untreatable whether are adopted 
the traditional methods (Oller; Malato; Sanchez-Pérez, 2011).  

The study of riverine water quality by countries has recently become problematic due to the 
progressive scarcity of resources (Ongley, 1998). The monitoring water quality and making-
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decisions based on qualitative data is a challenge for field researchers engaged in sample 
collection, storage, analysis, and the interpretations of results (Lermontov et al., 2008). 

This study demonstrates the application of Multivariate Analysis (MA) in effluent treatment of 
polyester resin by using advanced oxidation processes (heterogeneous photocatalysis - 
UV/TiO2). Exploring the relationship between methodologies and computational chemistry, 
the use of MA can modify the industrial processes and simplify experimental conditions, with 
a consequent improvement of processes, products, and the resolution of environmental issues. 

2. Polyester resin 

Polyesters and alkyd resins represent a class of polymers used in the manufacture of 
solvent-based paints due to the reduced cost and its versatility. These resins are the 
condensation products of polyols (e.g., glycerol, pentaerythritol), polybasic acids or their 
anhydrides (most phthalic anhydride) and monobasic fatty acids or oils. The term is 
typically restricted to polyester resins with acid or hydroxyl functional groups, which are 
relatively free of oil mixtures. The alkyd resins, a type of polyester resin, can be synthesized 
from renewable resources, i.e., vegetable oils as soybean oil, but most oils are coming from 
non-renewable sources (Abrafati, 1995; Weiss, 1997). 

3. Dye industry 

Effluents from industries are highly complex dyes so they are not treated by conventional 
methods. Alternative matrices; AOPs; have been used to minimize the environmental 
impact of these industries on ecosystems (Nedhi; Sumner, 2003). 

Industrial waste is classified into three main categories: wastewater, solid waste and air 
pollutants. Greater attention is given to wastewater since studies revealed content of 
significant amount of solvents (Metcalf; Eddy, 1991). 

4. Advanced oxidation process 

Advanced oxidation processes UV/TiO2, UV/H2O2, UV/H2O2/Fe, O3, O3/Fe, O3/TiO2, UV-
O3/H2O2/Fe, are widely used in the degradation of effluents. These processes are 
characterized by the generation of free radicals in the organic matter degraded, and so are 
the polluting compounds mineralized or they are converted into a lower-chain or a less 
harmful process, in order to be subjected to a biological treatment subsequently 
(Thiruvenkatachari et al., 2007).  

Oxidation processes are based on the generation of reactive species such as hydroxyl radical 
(OH). These radicals are highly reactive, non selective and may be used to degrade a wide 
range of organic pollutants. The OH radical is unstable and must be continuously generated 
in situ, by chemical or photochemical (Oliver; Hyunook; Pen-Chi, 2000). Table 1 shows 
reduction potential of various chemicals, and it can be observed that after fluorine, the 
hydroxyl radical is the one with higher oxidation potential (Domènech et al., 2001).     
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The treatment of hazardous waste and the presence of organic pollutants in water have 
increased the use of alternatives to environmental matrices such as the use of advanced 
oxidation processes (AOPs) in the treatment of wastewater (Segura et al., 2009). 

According to Kusic, and Koppivanac Srsan (2007), the high standard reduction potential of 
the hydroxyl radical enables the oxidation of a wide variety of organic compounds to CO2, 
H2O and inorganic ions from heteroatoms. 

According to Domenech et al. (2001), hydroxyl radicals can be produced by various 
advanced oxidation processes and heterogeneous and homogeneous systems, divided into 
two groups: non-photochemical and photochemical processes. Table 2 shows the procedures 
described above for the production of the hydroxyl radical. 
 

Compound E0 Reduction (V, 25 ºC)1 

Fluorine(F2) 3,03 

Hydroxyl Radical (•OH) 2,80 
Atomic Oxygen (O2) 2,42 

Ozone(O3) 2,07 

Hydrogen peroxide (H2O2) 1,78 

Radical Perhydroxyl (HO2•) 1,70 

Chlorine dioxide 1,57 

Hypochlorous acid (HCLO) 1,49 

Chlorine (Cl2) 1,36 

Bromine (Br2) 1,09 
Iodine (I2) 0,54 

1 Potential refers to the standard hydrogen electrode. 
Source: Domenech et al. (2001) 

Table 1. Reduction potential of some compounds 
 

 With Irradiation Without Irradiation 

 
Homogeneous Systems 

O3/UV O3/H2O2 
H2O2/UV O3/OH- 

H2O2/Fe2+/UV H2O2/Fe2+ 

 
Heterogeneous Systems 

*Sc/O3/UV Eletro-Fenton 

*Sc/H2O2/UV - 
*Sc/UV - 

*Sc: semiconductor (ZnO, TiO2, etc.) 
Source: Morais (2005) 

Table 2. Exploited systems to produce hydroxyl radical 
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4.1. Advantages of advanced oxidation processes 

AOPs have a number of advantages when compared to conventional oxidation processes 
(Gabardo Filho, 2005; Domènech et al., 2001): 

 Able to assimilate large variety of organic compounds; 
 Full Mineralization of pollutants; 
 Employed in the destruction of refractory compounds resistant to other treatments, 

such as the biologic; 
 Can be integrated with other processes such as pre or post treatment; 
 Used in high toxicity wastewater that can cause some difficulty in the treatment of 

biological process; 
 Allow in situ treatment; 
 Develop byproducts reaction intermediates that submitted to a post treatment may be 

mineralized; 
 Improve organoleptic properties of treated water; 
 Present high power with high oxidizing reaction kinetics. 

4.2. Disadvantages of advanced oxidation processes 

AOPs can be applied to certain types of waste under some restrictions, as follows 
(Domenech et al., 2001; Moral, 2005): 

 Some processes are not available at appropriate scales; 
 Costs can be high due to energy consumption; 
 Some types do not apply to wastewater with high organic capability, turbidity, optical 

or color. 

5. Heterogeneous photocatalysis 

The heterogeneous photocatalysis is a process based on the absorption of UV-visible by a 
solid semiconductor. In the interface area between the solution and the electrically excited 
solid, a degradation reaction or transformation of pollutants may occur, without changing 
the chemical structure of the semiconductor (Custo et al., 2006). 

According to Nogueira and Jardim (1998), a semiconductor is characterized by: 

 Valence bands, where vacancies are generated; 
 Driving Bands that are generating electrons; 
 A region between bands called bandgap; 
 Semiconductor particles, when irradiated, absorb photons that may excite electrons 

from the valence band to the conduction band; 

This generates vacancy electrons. The electron / vacancy pair migrates to the surface of the 
particle resulting in oxidation and reduction sites (Carp et al. 2004). Figure 1 illustrates 
schematically the behavior described above. 
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Figure 1. Electronic scheme of a photochemical process for heterogeneous photocatalysis (Ciola, 1981) 

 
Figure 2. Crystal structures: anatase (a), rutile (b) and brookita (c) 

TiO2 is a solid with a melting point of 1800 °C, and the ninth most abundant element 
corresponding to 0.63% of crust. The element described features 4 crystalline forms of 
anatase (tetragonal), brookita (orthorhombic), rutile (tetragonal) and TiO2 (B) monoclinic, as 
shown in Figure 2 (Carp et al., 2004). 

6. Design of experiments 

Design of Experiments (DOE) has been widely used in the optimization of process 
parameters and improving of quality products by the application of engineering concepts 
and Statistics (Wang, Huang, 2007). 

Design of Experiments is defined as a set of statistical techniques applied to planning, 
conduction, analysis and interpretation of controlled tests, in order to find define factors that 
influence the values of a parameter or group of parameters (Bruns; Neto; Scarmínio, 2010). 
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According to Franceschini and Macchietto (2008), DOE is a statistical tool used to maximize 
the value of variable responses obtained on each experiment and also to minimize cost and 
time by reducing the number of experimental conditions. 

Interactions between variables are considered in the experimental design and can be used 
for optimizing the operating parameters in multivariable systems (Ay; Catalkaya; Kargi, 
2009). 

According to Salazar (2009), the experimental has been studied as an important 
mathematical tool in the area of Advanced Oxidation Processes (Heterogeneous 
Photocatalysis). In this study, fractionated schedules for the degradation of organic matter 
and COD percentage of dairy effluent were used to obtain 93.70% of the treatment. 

7. Taguchi orthogonal array 

Taguchi method uses orthogonal arrays to study various factors with a small number of 
experiments (Sharma et al., 2005). Furthermore, the method provides other benefits, such as 
the reduction of process variability, low operating costs and expected results. (Barros; Bruns; 
Scarminio, 1995). 

Rosa et al. (2009) define the Analysis of Variance (ANOVA) in the application of statistical 
analysis of Taguchi method in order to evaluate the significance of the parameters used in 
the process. A ANOVA table determines the most relevant parameters for the process 
according to equations 1, 2, 3 and 4:  

-SS: Quadratic sum of the factors 

 SS= ∑ (yi	-	y�	�2ni=1  (1) 

- df: Degrees of freedom for each factor   

 df=N-1  

Where N means number of level for each factor 

- MS: Mean square 

 MQ= SS
df

 (3) 

- F Test: Assessment of the significance of each factor 

 � = ��������
�������  (4) 

8. Multivariate analysis 

The Multivariate Analysis represents a set of statistical method in which most of variables of 
a data set are comprise information for decision-making (Rajalahti; Kvalheim, 2011), such as 
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Multiple Linear Regression (MLR), Principal Component Analysis (PCA), Principal 
Component Regression (PCR) and Partial Least Squares Regression (PLS) (Otto, 2007). 

The manufacturing processes can generally have correlated variables depending on the 
process quality that involves a large number of characteristics (Paiva, 2006). 

The field of chemometrics is a multivariate analysis defined as the application of designs 
and mathematical and statistical methods to solve chemical problems. It is utilized to 
improve data collection and to allow extraction of useful and obtained data information 
(Hopke, 2003). 

Paiva, Ferreira and Balestrassi (2007) combined DOE with Multivariate Analysis when 
optimizing multiple correlated responses in a manufacturing process. 

8.1. Multiple linear regression 

The Multiple linear regression is a determining method of combinations of variables to 
achieve an optimal process or product. (Beebe; Pell; Seasholtz, 1998). 

MLR property of interest relates to a linear combination of independent measurements. The 
modeling MRL can be represented by equation 5, where a set with n samples, i = 1 to n, Y is 
the response variable, X is the independent variable and i is the error estimation (Steiner et 
al., 2008) 

 yi=β0+ ∑ βiXij+ ei
k
j=1  (5) 

According to Montgomery (2001), the method of Ordinary Least Squares (OLS - Ordinary 
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According to Franceschini and Macchietto (2008), DOE is a statistical tool used to maximize 
the value of variable responses obtained on each experiment and also to minimize cost and 
time by reducing the number of experimental conditions. 

Interactions between variables are considered in the experimental design and can be used 
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-SS: Quadratic sum of the factors 

 SS= ∑ (yi	-	y�	�2ni=1  (1) 

- df: Degrees of freedom for each factor   

 df=N-1  

Where N means number of level for each factor 

- MS: Mean square 

 MQ= SS
df

 (3) 

- F Test: Assessment of the significance of each factor 

 � = ��������
�������  (4) 

8. Multivariate analysis 

The Multivariate Analysis represents a set of statistical method in which most of variables of 
a data set are comprise information for decision-making (Rajalahti; Kvalheim, 2011), such as 
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Multiple Linear Regression (MLR), Principal Component Analysis (PCA), Principal 
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Then: 

�	 = 	∑ ��� 	= 	 ���	 = 	 ��	� 	�����
�	�	� ��	� 	��� 

L = yTy – βTXTy - yTXβ + βTXTXβ 

L = yTy – 2βTXTy + βTXTXβ 

Minimizing the function: 

∂L
∂β

 = -2XTy + 2XTXβ�= 0 

Hence, is obtained: 

XTXβ� 	= 	XTy 

and consequently, the coefficients are determined by Equation 6: 

 β� = (XTX)
-1

XTy  (6) 

9. Materials and methods 
This work was performed at the Laboratory of the Environmental Engineering Department 
of the Chemical Engineering of School of Lorena EEL-USP. Polyester resin effluent was 
supplied by Valspar industry, located in São Bernardo do Campo, State of São Paulo. 
Statistical analyses were performed by Statistica version 2.0, available at the College. 

Samples were stored cold chamber at EEL-USP at 4ºC. The effluent from the oxidation 
reaction was conducted into a Germetec tubular reactor, model FPG-463/1, with a nominal 
volume of approximately 1 L, receiving irradiation from a GPH-463T5L mercury lamp of 
low pressure, which emits a UV radiation at 254 nm with a power of 15 W and 21 W and 
protected by a quartz tube. The manufactured reactor model is shown in Figure 3. 

 
Figure 3. Tubular reactor used for photochemical treatment 
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Experimental design Taguchi L9 with advanced oxidation process and heterogeneous 
photocatalysis were used for 1.0 liters of fresh effluent and 2 liters of distilled water, 
previously homogenized and conditioned at room temperature. Semiconductor titanium 
dioxide (TiO2), and the amount of H2O2 (30% w / v) were added during the initial 50 
minutes of 1-hour total reaction, using burettes of 25 and 50 ml. The temperature of the 
medium reaction during the whole period of the photocatalytic process was controlled at  
25 °C by using an Ophterm DC1 thermostatic bath. pH reaction was performed using a 
combined glass electrode adapted to the shell. This was connected to the potentiostat digital 
Digimed. A centrifugal pump was used for conducting the effluent from the tubular reactor 
to the storage tank. Ultraviolet lamps of 15 and 21 watts were used. Figure 4 presents the 
detailed scheme for treatment with AOP showing the experimental procedure.   

 
Figure 4. Layout of the process of photochemical treatment 
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10. Results and discussion 

TOC (Total Organic Carbon) analysis of the effluent was conducted according to relevant 
physical-chemical aspects; that is, parameters monitored by environmental agencies 
(Morais, 2005). Figure 5 illustrates the appearance of the effluent polyester resin in natura. 

 
Figure 5. Effluent polyester resin in natura 

The statistical planning performed is represented by Taguchi L9 orthogonal array to which 
the response variable was TOC and independent variables as factors proposed for this stage 
were: pH, titanium dioxide, hydrogen peroxide and UV radiation power. Table 3 shows the 
variables with treatment of levels with selected AOP. 
 

Control variables (factors) Level 1 Level 2 Level 3 
A- pH 3,0 5,0 7,0 
B- TiO2 [g/L] 0,083 0,167 0,250 
C- H2O2*[g] 120,0 151,0 182,0 
D- UV [W] Sem 15 21 

* [H2O2] = 30 % m/m 

Table 3. Control variables and their levels 

Initially, the mass of H2O2 (30% w / w) is calculated by a stoichiometric ratio that depended 
on the organic load of the effluent. This obtained a mass of H2O2 of 50 g per liter of effluent.  

The amount of TOC of the effluent in natura had a mean value of 7920mg / L that was 
subjected to pre-treatment. For each experiment amount of TOC, a sample in a 60-minute 
reaction was determined. The percent reduction of TOC is calculated by equation 7. 

 %	reduction	of	TOC = 	 �����	�������	�������	���
�����	������  (7) 

Table 4 shows the arrangement of orthogonal Taguchi L9 for the treatment of effluent 
polyester resin using AOP. 
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Experiment 
pH 

Factor A 
TiO2 

Factor B 
H2O2 

Factor C 
UV 

Factor D 
1 1 1 1 1 
2 1 2 2 2 
3 1 3 3 3 
4 2 1 2 3 
5 2 2 3 1 
6 2 3 1 2 
7 3 1 3 2 
8 3 2 1 3 
9 3 3 2 1 

Table 4. L9 Taguchi Orthogonal Array with 4 factors and 3 levels each 

Table 5 shows the percentage change in COT response to experiments using experimental 
design L9. Experiments 3 and 4 had a higher percentage of TOC removal for the advanced 
oxidation process (Heterogeneous Photocatalysis).     

 

Experiment 
pH 

Factor A 
TiO2 

Factor B 
H2O2 

Factor C 
UV 

Factor D 
Replica 1: reduction of 

total organic carbon (%) 
1 1 1 1 1 31,970 
2 1 2 2 2 34,981 
3 1 3 3 3 39,489 
4 2 1 2 3 37,216 
5 2 2 3 1 29,962 
6 2 3 1 2 30,095 
7 3 1 3 2 30,549 
8 3 2 1 3 33,504 
9 3 3 2 1 28,182 

Table 5. Results of the first replica of the percentage reduction obtained in experiments for an initial 
TOC of 7920mg / l. 

Table 6 shows a replica of the experiment and the experimental conditions 3 and 4 that 
achieved significant values again. 

Statistical analysis of Taguchi L9, on Figure 6, showed the most significant parameters for 
the degradation of organic matter in the wastewater, the latter reflecting of pH = 3, adjusted 
at a low level and factors set at a maximum level of: 182 g hydrogen peroxide and ultraviolet 
lamp power of 21 W. According to the plan performed, the level of titanium dioxide added 
to the process can be adjusted at low or medium level, i.e. with values 0.083g / L and 0.167g / 
L. According to Malik and Saha (2003), the influence of peroxide with temperature is related 
to the efficiency of ratio by using this compound and its rapid decomposition in the 
reaction. 
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Experiment 
pH 

Factor A 
TiO2 

Factor B 
H2O2 

Factor C 
UV 

Factor D 
Replica 2: reduction of 

total organic carbon (%) 
1 1 1 1 1 31,269 
2 1 2 2 2 34,498 
3 1 3 3 3 36,443 
4 2 1 2 3 35,720 
5 2 2 3 1 31,648 
6 2 3 1 2 30,019 
7 3 1 3 2 30,739 
8 3 2 1 3 33,011 
9 3 3 2 1 27,481 

Table 6. Results of replica 2 of the percentage reduction percentage obtained in experiments, initial 
TOC of 7920mg / l. 

 
Figure 6. Main Effects in TOC percentage variation measurements in the effluent treatment of L9 
planning 

Statistical analysis at a level of 95%, showed the most significant factors for the removal of 
organic load. According to the distribution F whose critical value is 4.26 and a p-value less 
than 5%, the most important factors for the degradation of organic matter in the effluent 
were phenolic H2O2, pH, UV. The most significant factor was the ultraviolet lamp power 
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with F of 60.65201 and a p-value less than 0.001%, and then the remaining factors are the pH 
(F = 30.11586; p-value = 0.10 %) and H2O2 (F = 4.67497; p-value = 4.053%). The values 
obtained by analysis of variance confirmed the significance shown in the graph of main 
effects. 

The analysis of variance (ANOVA) with F> 2 demonstrated that the factor TiO2 is significant 
for TOC removal. According to Phadke (1989), an F value statistically greater than 2 is 
considered as a significant effect (factor). The statistical significance factor in TOC reduction 
in the effluent treatment was confirmed by ANOVA, as shown in Table7. 
 

Source of 
Variation SQ GL SMQ F P-Value 

pH 53,0700 2,00 26,53499 30,11586 0,00010 
TiO2 3,7711 2,00 1,88554 2,13999 0,17366 
H2O2 8,2382 2,00 4,11909 4,67497 0,04053 

UV 106,8806 2,00 53,44030 60,65201 <0,00001 
Error 7,9299 9,00 0,88110   

 

Table 7. Analysis of variance Taguchi L16 orthogonal array obtained for TOC (%) removal 

Multiple linear regressions provide another statistical approach to evaluate variables in a 
quantitative approach. Significant parameters to the regression analysis are shown in Table 
8, where pH, UV and H2O2 are relevant for the degradation process of the organic load of 
the polyester resin effluent. 
 

Factor Coefficient t-value Coef. Beta Probability 
pH -1,04933 -4,573584 -0,542040 0,0003 

TIO2 -5,73042 -1,042771 -0,123584 0,1580 
H2O2 0,0266726 1,627560 0,192891 0,0638 

UV 0,245688 5,791488 0,686380 0,0000 
Constant 32,2247    

 

Table 8. Regression parameters 

Multiple linear regression showed a coefficient of determination (R2) of 0.817404, which 
demonstrates the efficiency of the degradation of effluent using the polyester resin of the 
experimental design. An ANOVA (Table 9) was performed in order to validate the multiple 
linear regression equation. The significance of equation shown is for a level of significance 
equal to 0.0001 at 95% confidence degree. 
 

Sources of Variation GL SQ SMQ F P-Value 
Due to Regression 4 147,0425 36,76063 14,55 0,0001 

Independent 13 32,84718 2,526706   
 

Table 9. ANOVA of multiple linear regression 



 
Multivariate Analysis in Management, Engineering and the Sciences 74 

Experiment 
pH 

Factor A 
TiO2 

Factor B 
H2O2 

Factor C 
UV 

Factor D 
Replica 2: reduction of 

total organic carbon (%) 
1 1 1 1 1 31,269 
2 1 2 2 2 34,498 
3 1 3 3 3 36,443 
4 2 1 2 3 35,720 
5 2 2 3 1 31,648 
6 2 3 1 2 30,019 
7 3 1 3 2 30,739 
8 3 2 1 3 33,011 
9 3 3 2 1 27,481 

Table 6. Results of replica 2 of the percentage reduction percentage obtained in experiments, initial 
TOC of 7920mg / l. 

 
Figure 6. Main Effects in TOC percentage variation measurements in the effluent treatment of L9 
planning 

Statistical analysis at a level of 95%, showed the most significant factors for the removal of 
organic load. According to the distribution F whose critical value is 4.26 and a p-value less 
than 5%, the most important factors for the degradation of organic matter in the effluent 
were phenolic H2O2, pH, UV. The most significant factor was the ultraviolet lamp power 

 
Multivariate Analysis in Advanced Oxidation Process 75 

with F of 60.65201 and a p-value less than 0.001%, and then the remaining factors are the pH 
(F = 30.11586; p-value = 0.10 %) and H2O2 (F = 4.67497; p-value = 4.053%). The values 
obtained by analysis of variance confirmed the significance shown in the graph of main 
effects. 

The analysis of variance (ANOVA) with F> 2 demonstrated that the factor TiO2 is significant 
for TOC removal. According to Phadke (1989), an F value statistically greater than 2 is 
considered as a significant effect (factor). The statistical significance factor in TOC reduction 
in the effluent treatment was confirmed by ANOVA, as shown in Table7. 
 

Source of 
Variation SQ GL SMQ F P-Value 

pH 53,0700 2,00 26,53499 30,11586 0,00010 
TiO2 3,7711 2,00 1,88554 2,13999 0,17366 
H2O2 8,2382 2,00 4,11909 4,67497 0,04053 

UV 106,8806 2,00 53,44030 60,65201 <0,00001 
Error 7,9299 9,00 0,88110   

 

Table 7. Analysis of variance Taguchi L16 orthogonal array obtained for TOC (%) removal 

Multiple linear regressions provide another statistical approach to evaluate variables in a 
quantitative approach. Significant parameters to the regression analysis are shown in Table 
8, where pH, UV and H2O2 are relevant for the degradation process of the organic load of 
the polyester resin effluent. 
 

Factor Coefficient t-value Coef. Beta Probability 
pH -1,04933 -4,573584 -0,542040 0,0003 

TIO2 -5,73042 -1,042771 -0,123584 0,1580 
H2O2 0,0266726 1,627560 0,192891 0,0638 

UV 0,245688 5,791488 0,686380 0,0000 
Constant 32,2247    

 

Table 8. Regression parameters 

Multiple linear regression showed a coefficient of determination (R2) of 0.817404, which 
demonstrates the efficiency of the degradation of effluent using the polyester resin of the 
experimental design. An ANOVA (Table 9) was performed in order to validate the multiple 
linear regression equation. The significance of equation shown is for a level of significance 
equal to 0.0001 at 95% confidence degree. 
 

Sources of Variation GL SQ SMQ F P-Value 
Due to Regression 4 147,0425 36,76063 14,55 0,0001 

Independent 13 32,84718 2,526706   
 

Table 9. ANOVA of multiple linear regression 



 
Multivariate Analysis in Management, Engineering and the Sciences 76 

The most influential factors in the process show the percentage removal of Total Organic 
Carbon in Figure 7. An increasing degradation of the organic load is observed on the 
surface. This is achieved by independent variables: pH and potency of the ultraviolet lamp. 
The percentage of the increased removal of organic load occurs when there is an increase of 
the power of the lamp and a decrease of the pH. The greatest percentage reduction of the 
organic load is equal to 39.489%, whose parameters used in this experimental condition = 
H2O2 were 182 g, pH = 3, TiO2 = 0.250 g / L and the lamp power of 21 W. The response 
variable was significant for the degradation of organic matter in the effluent. 

 
Figure 7. Graph of the two most influential factors in the process 

11. Conclusions 

Taguchi planning was applied to the degradation of effluent organic load. The experimental 
design showed that further reduction of TOC (%) is related to an increase in pH and 
ultraviolet intensity. The results obtained were significant for the removal of TOC (%) from 
polyester resin effluent treated with advanced oxidation processes, and heterogeneous 
photocatalysis. 

In our Taguchi orthogonal array the removal-percentage achieved was COT = 39.489%, 
which corresponds to experimental condition number three. This condition is inclusive of 
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the weight ratio of hydrogen peroxide at 183g, pH = 3, TiO 2 = 0.250 g/L and the lamp 
intensity = 21 W. We conclude that the process of heterogeneous photocatalysis is optimally 
suitable for treatment of the effluent studied in this work. 
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organic load is equal to 39.489%, whose parameters used in this experimental condition = 
H2O2 were 182 g, pH = 3, TiO2 = 0.250 g / L and the lamp power of 21 W. The response 
variable was significant for the degradation of organic matter in the effluent. 

 
Figure 7. Graph of the two most influential factors in the process 

11. Conclusions 

Taguchi planning was applied to the degradation of effluent organic load. The experimental 
design showed that further reduction of TOC (%) is related to an increase in pH and 
ultraviolet intensity. The results obtained were significant for the removal of TOC (%) from 
polyester resin effluent treated with advanced oxidation processes, and heterogeneous 
photocatalysis. 

In our Taguchi orthogonal array the removal-percentage achieved was COT = 39.489%, 
which corresponds to experimental condition number three. This condition is inclusive of 
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the weight ratio of hydrogen peroxide at 183g, pH = 3, TiO 2 = 0.250 g/L and the lamp 
intensity = 21 W. We conclude that the process of heterogeneous photocatalysis is optimally 
suitable for treatment of the effluent studied in this work. 
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1. Introduction 

The monitoring of a dam structure can generate an enormous mass of data of which the 
analysis and interpretation are not always trivial. It is important to select the information 
that better “explain” the behavior of the dam, making possible the prediction and resolution 
of eventual problems that may occur. 

The world largest hydroelectricity generator, Itaipu hydroelectric power plant, has more 
than 2.200 instruments that monitor its geotechnical and structural behavior, and these 
instruments have readings stored on a database for over 30 years. The high dimensionality 
and the large quantity of records stored on the databases are nontrivial problems that are 
kept so that one can pursue "knowledge" through these data. 

The detailed analysis of the auscultation instrumental data requires a combination of 
knowledge of Engineering, Mathematics and Statistics, as well as the previous experience of 
the engineer or the technician responsible for the analysis of these data. That consumes a lot 
of time, and often makes it impossible to accomplish this task in an efficient way. This is the 
reason why the use of techniques and computational instrumentation to help the decisions 
maker is extremely important. 

There are no records of the existence of methods that perform the classification of 
monitoring instruments in dams. In case of reading intensification this hierarchy could be 
useful to define which instrument to chose. 

© 2012 Villwock et al., licensee InTech. This is a paper distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.
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The aim of this paper is to identify the tools that are the most significant for the analysis of a 
dam behavior, which maximizes the effectiveness and efficiency of the analysis of the 
readings. It shows a methodology based on the field of Multivariate Analysis, applied to the 
Hierarchical Cluster Analysis in order to identify the groups of instruments similar to 
Ward’s linkage method. The factor analysis of the strain gauge of each instrument group 
was also applied, performing the hierarchical cluster of monitoring instruments in dams, 
detecting the main instruments. 

This chapter is organized as follows: Section 2 features the problem statement which 
addresses the importance of the safety on dams and the risks faced when dam rupture 
accident occurs. Section 3 describes the application area focusing on the safety of dams, on 
the conditions of load and on the conditions of the monitoring instrument. Section 4 
approaches a “research course”. Section 5 describes the used data and the Multivariate 
Statistical Analysis techniques. Section 6 shows the status. Section 7 shows the results. 
Section 8 approaches the future researches. Section 9 shows the results. 

2. Problem statement 

Once the potential risks and losses as a result of rupture accidents on a dam can reach large 
scales a safe project and adequate construction as well as a correct operation on dams are 
concerns of Brazilian and worldwide engineers. Additionally, an effectively done 
monitoring on large dams is essential for the safety of its structure. By aiming the safety of 
the dams, International Guidelines and many helpful discussions about this subject have 
been proposed and conducted, such as the one from the [1]. 

In Brazil, guidelines that aim the safety of the dams were published by the Comitê Brasileiro 
de Grandes Barragens (Brazilian Committee on Large Dams), see [2]. The Comissão de 
Constituição e Justiça e Cidadania do Congresso Nacional) (The Constitutional, Justice and 
Citizenship Committee of the National Congress) approved, on 06/23/2009, the proposal that 
requires the Executive Power to establish a National Policy on Dams Safety. Its aim was to 
endow the Public Power with a permanent instrument for the inspection of over 300 
thousand dams in the country. The text that has been questioned is the surrogate for the 
Law Project 1181/03 [3]. The original proposal, the Law Project 1181/03, (Projeto de Lei – PL 
1181/03), written by Leonardo Monteiro, defines safety guidelines for the construction of 
dams and landfills of industrial liquid wastes. 

The concerns about the Brazilian Constitutional Public Powers is due to the recent rupture 
of the Dam of Câmara, (in the State of Pará - PA), in 2004; the rupture of the diversion 
structure of the Dam of Campos Novos, (in the State of Santa Catarina - SC), in 2006; the 
rupture of the Dam of Algodões I, (in the State of Piauí - PI), in 2009; and other accidents of 
smaller magnitude. 

According to [4], the catastrophes have been opportune signs for the examination of the 
criteria of the existing projects and for the selection of more efficient methods and 
monitoring safety of dams. 
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In [5] show a table which contains the estimative for the most common causes of ruptures on 
dams. Among them, the following are highlighted: problems of the foundation; 
inappropriate spillway; structural problem; different declinations; extreme low-pressure; 
rupture of landfills; defective materials; incorrect operation; actions of war, and 
earthquakes. All these problems can be diagnosed with the monitoring of the dam 
instrumentation, with exception of the last two ones, which percentage of frequencies sum 
just 4%. 

According to [6], the global experience shows that the expenses in order to guarantee the 
safety of a dam are little when compared to the costs of its rupture. The author quotes the 
importance of the use of a database of instrumentation for supporting the preliminary 
analysis of the readings in order to detect problems. 

3. Application area 

3.1. Safety of dams 

The principles established on NBR 8681 – Ações e Segurança das Estruturas (Actions and 
safety of structures) [7] conceptualizes the safety of the concrete constructions of a dam. For 
concrete gravity-dam projects, some verification corresponding to the stability analysis are 
necessary in order to evaluate the safety of the movements of: sliding, overturning, floating, 
tension at base and on structure, deformations, consolidation and vibrations. 

The stability of dams must be primary analyzed during the phase of the project. The 
geometry of the structures and the property of the materials involved must be well 
considered, as well as the load condition. Some of the basic load conditions are shown on 
Figure 1. 

 
Figure 1. Illustration of the basic conditions of load and lack of stability of gravity concrete dams. 

Through Physics, it is possible to explain that the difference of the water level (downstream-
upstream) generates a hydraulic gradient between the dam downstream and upstream 
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making the water of the reservoir to try passing through upstream in order to archive a 
hydraulic equilibrium. To do so, the water percolates through the foundation mass of the 
dam. During this process, the infiltrated water generates vertical forces acting upward over 
the dam, these forces are called uplift pressure in dam. The resultant of these forces is 
represented by Fuplift. Furthermore, the water from the reservoir generates horizontal forces 
that act downstream-upstream over the dam. These forces are called hydrostatic pressures 
against the dam wall. The resultants of these forces are represented by Freservoir. These two 
resultant forces are called destabilizing forces. As for the force P (dam weight) it is a 
stabilizing structure force. The combination of Fuplift and Freservoir can cause the overturning and 
the slipping of the dam, not just because of the efforts and moment when it is directly 
applied, but also for the relief of the weight of the structure itself (in case of uplift pressure). 

The above described effects of loads on dams can be observed on figure 1, where the 
slipping (a) and the overturning (b) are emphasized. 

The loading conditions and the properties of materials can change over the lifecycle of a 
dam, and instrumentation can identify some of these changes. 

Figure 2 shows the differences in the behavior of the dam in relation to summer and winter 
climate conditions, as well as its consequences. In summer, an expansion of the concrete 
occurs, and that causes the block to tumble downstream. This overturning causes the block 
to compress the foundation. In winter, the concrete is compressed causing the block to 
tumble upstream, returning to initial position. As a consequence the pressure that occurs in 
summer over the foundation to be relieved. In this way, it is possible to identify a cyclical 
behavior of the structure, intrinsically conditioned by the environmental conditions which 
involve the construction. 

 

 
Figure 2. Behavior of the dam in relation to summer and winter climate conditions (Adapted from [8]). 

According to [9], the instrumentation must be used as supplement to visual inspection when 
executing the evaluation of the performance and safety of dams. The careful inspection of 
the instrumentation data can reveal a critical condition. 
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In [10] shows correlations between the types of instruments that are usually used for the 
auscultation on concrete dams, and the primary types of deterioration of concrete dams. 
According to the author, the multiple extensometer for example, is related to the monitoring 
of deteriorations caused by sliding, different declinations, land subsidence of the upstream 
base, and the Alkali-Aggregate Reactivity. 

The measurement of the declinations is one of the most important observations for 
monitoring a dam behavior during the period of construction, of dams filling and operation. 
The measurement of the declination can be performed through a multiple point rod 
extensometer installed on boreholes [10]. Figure 3 shows the multiple point rod extensometer 
and an example of a typical profile of a multiple point rod extensometer at Itaipu. 

 
Figure 3. Multiple point rod extensometer and a example of a typical profile of a multiple point rod 
extensometer at Itaipu (Adapted from [11]). 

The measurements of displacements and deformation can be performed in several parts of the 
foundation with the usage of various rods. Among these displacement and deformations are 
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the contact of concrete and rock, joints and faults and other sub-horizontal discontinuities in 
the foundation. This approach was used at the Itaipu Dam, where different points of 
foundation mass were instrumented, specially the geological discontinuities. Figure 4 shows a 
typical geological profile of the foundation mass of the Itaipu Dam part, which has no tunnel 
in its right-side, where primary geological discontinuities can be found (contacts, joints, and 
gaps) of that specific site. In blocks where there is a transversal gallery access to the shaft, the 
installation of downstream-upstream extensometers can help in the measurement of the 
angular displacement of the dam with the foundation [10]. 

 
Figure 4. Schematic geological profile of the foundation of Itaipu (ITAIPU BINACIONAL, 1995, apud [8]). 

The measurement of the horizontal displacement of the ridge is a relevant parameter which 
is affected by deflections of the concrete structure, by the rotation of the base of the structure 
(due to the deformability of the foundation), and by thermal and environmental influences. 
These displacements are affected by the characteristics of the concrete or by the proprieties 
of the foundation rock mass, resulting in important information for the auscultation of the 
behavior of the dam and of its foundation. The horizontal displacements of the ridge can be 
measured by a direct pendulum, usually installed at the end of the construction process. The 
measurements are done on the stages of reservoir spillway and of dam operation [10]. 

The stability of the structure in terms of sliding, overturning or floating is directly affected 
by the level of the piezometric pressures in the concrete-rock interface and in the sub 
horizontal discontinuities of low resistance that exists in the foundation. The measurements 
of low pressures on the concrete dam foundation are important for the monitoring of its 
safety conditions. The drainage is one of the most efficient ways to ensure adequate safety 
coefficients. The measurements of low pressure are performed by the piezometer [10]. 
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4. Research course 

4.1. Itaipu Binacional 

The Itaipu Binacional, the largest energy producer of the world, had its construction started 
in 1973 at a river stretch of Rio Paraná known as Itaipu, which in Tupi language means “the 
singing boulder”, located in the heart of Latin America, on the border of Brazil and 
Paraguay [12]. The construction of the dam ended in 1982 and the last generator unit was 
completed in 2008. 

Nowadays, the Itaipu Dam has 20 generator units of 700 MW (megawatts) each, generating 
a total potential of 14.000 MW. Itaipu Binacional (Bi-national Itaipu) reached its record in 
producing energy in 2000, generating over 93,4 billions kilowatts-hour (KWh). It is 
responsible for supplying 95% of the energy consumed in Paraguay and 24% of all the 
Brazilian consumption. 

The Itaipu Dam has 7.919m of extension and a maximum high of 196m; these dimensions 
made of the Itaipu construction a reference in concrete, and dam safety studies. Itaipu dam 
is made of two stretches of earth dam, one stretch of rock-fill dams and concrete stretches, 
and these forms the higher structures of it. Figure 5 illustrates the whole structure of the 
Itaipu dam, and table 1 shows the main characteristics of the stretches pointed on figure 5. 

 
Figure 5. Whole structure of the Itaipu Complex [12]. 

It is possible to find in all the Itaipu extension an amount of 2.218 instruments (1.362 in the 
concrete, and 865 in the foundations and earthen embankments) and from this amount 270 
of them are automated, to monitor the performance of the concrete structures and 
foundations. Furthermore, there are 5.239 drains (949 in the concrete and 4.290 in the 
foundations). The readings of these instruments occur in different frequencies, they can be, 
for example, daily, weekly, fortnightly, and monthly, depending on the type of instrument. 
These readings have been stored for over 30 years. 

Even though, every stretch of the dam is instrumented and monitored, one of the stretches, 
called Barragem principal (main dam) (Denominated stretch F and identified as number “5” 
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of low pressures on the concrete dam foundation are important for the monitoring of its 
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on Figure 5), should be highlighted in a deeper study. The turbines for generating energy 
can be found in stretch F. In addition, this stretch is the most high water column and the 
most instrumented one. This stretch is made of many blocks, and each of them has 
instruments in the concrete structures and in the foundation that provides data about its 
physical behavior. This study was developed based on the data collected in this stretch of 
the dam. 
 

Stretch Structure 
Lenth 
(m) 

Maximun 
high 
(m) 

1 
Auxiliary Dam 
(Saddle Dam) 

Earth 2294 30 

2 
Auxiliary Dam 
(Saddle Dam) 

Rock-filling 1984 70 

3 and 7 Lateral Dams Couterfort 1438 81 
4 Deviation Structure Concrete mass 170 162 

5 
Main 
Dam 
(TStretch F) 

Reliefed 
Gravity 

612 196 

9 
Auxiliary 
Dam 

Terra 872 25 

Other strwtches Características 
6 Powerhouse 20 Generator units  
8 Spillway 350 m length 

Table 1. Characteristics of the stretches of Itaipu. 

In the stretch F it is possible to find extensometers, piezometers, triothogonal meter, water 
level gauge and foundation instrumentation (seepage flow meter). Among these 
instruments, the multiple point rod extensometers, that are installed in boreholes, were 
selected for the analysis. This type of instrument is considered one of the most important 
because they are responsible for measuring the vertical displacement. That is one of the 
most important observations while monitoring the behavior of the dam structure. There are 
30 extensometers located in stretch F. 

The procedure for the methodology used for the analysis of the problem of Itaipu is the 
following: 

In the first phase, the data were selected and it was decided that the methodology would be 
applied only to the extensometers located in stretch F. 

In the second phase, the data given by Itaipu were converted into spreadsheets, from which 
the necessary data used for developing this study were extracted. 

In the third phase, the data were standardized in order to receive the subsequent application 
of the clustering methods. 
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In the fourth phase, the Factor Analysis and the Clustering Analysis were applied at the 
same time. The Factor Analysis was also applied within each cluster formed through 
Clustering Analysis. 

5. Method used 

The methodology used for the analysis was applied to the data of 30 extensometers located 
in different blocks of stretch F of the dam, which having one or two point rods, totalizes 72 
displacement measures. These measurements are identified as follow: equip4_1, meaning 
rod 1 of the extensometer 4, and so on. 

The data used in this study are monthly stored and they correspond to the period of 
January/1995 to December/2004, totalizing 120 readings. This period was chosen as a 
suggestion of the engineer team of Itaipu because it is subsequent the construction of the 
dam and prior to the system of automatic acquisition of data. During the period of system 
implementation, some instruments ended up having no manual readings, in addition, a total 
of 11 automated instruments (totalizing 24 rods) went through modifications that might 
have influenced the subsequent readings; there was an exchange on the instrument head for 
a 70 cm longer one. In this way, the referred 120 readings were immune to these 
irregularities. 

During the period of pre-processing the data, it was identified that most of the instruments 
readings are monthly, but some of them showed more than one reading per month, so for 
this cases, the monthly average was considered. Moreover, some instruments had missing 
readings, in these cases; interpolations were performed through temporal series, meaning 
that, an adequate model was established from the Box & Jenkins methodology, using the 
Statgraphics [13]. In this way, it was possible to assure that all the 120 instruments had 120 
readings (10 years). See [14] for more information about the interpolation techniques with 
temporal series. 

In this way, the Matrix of entrance of structural geotechnical instrumentation data (Matrix 
Q) is of order a x b, where a is the number of patterns and b is the number of attributes. For 
the structural geotechnical instrumentation data of Itaipu, a = 72 (number of patterns) and  
b = 120 (number of attributes). 

During the period of the Multivariate Analysis was applied and the patterns were grouped 
through the Ward’s hierarchical clustering method. The grouping was performed in order to 
find out similar groups of instruments, and the aim of doing it was to establish the technical 
justifications for its formation. In addition, the Factor Analysis was applied to the referred 
data. The Factor Analysis was used to rank the rods of the extensometers through a 
balanced average of factor scores. Next, the Factor Analysis was applied within each group 
formed by the clustering analysis. Once having groups that have the instrumentations with 
a similar behavior, a raking of these instruments was performed within each group, in order 
to indicate the most relevant instruments, which would be chosen, for example, in cases of 
intensifying the reading. 
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5.1. Statistical multivariate analysis 

5.1.1. Factor analysis 

Factor Analysis is a multivariate statistical method, which objective is to explain the 
correlations between one large set of variables in terms of a set of unobserved low random 
variables called factors. Hence, suppose the random vector X  resulted from p random 
variables; X‘ = [x1 x2 x3 ... xp], and in order to study the covariance structure of this vector, in 
other words, if X is observed n times, it happens that its parameters E(X) =  e V(X) =  can 
be estimated and the relation between the evaluated variables represented by matrix of 
covariance  or of correlation p. The factor analysis makes a grouping of variables to explain 
the influence of latent variables (unobserved) or factors. Within a same group, the variables 
are highly correlated with each other, and from one group to another, the correlations are 
low. Each group represents a factor, which is responsible for the observed correlation. 

The covariance matrix of the vector X can be placed in an exact form: V(X) =  = LL‘ + , 
where matrix LL’ has on the main diagonal the called communality defined for each variable 
considering m factors by: hi2 = li12 + li22 + ... + lip2. However, considering the m main factors, it is 
given that hi2 = li12 + li22 + ... + lim2, i = 1, 2, ..., p variables. In this way, the communality hi2  is the 
part of the variance of the random variable xi that comes from m factors. And, the part of the 
variance of the random variable xi  due to the factors p – m that are not important are called 
specific variance. Hence, V(xi) = hi2 + I , i = 1, 2, …, p. 

There are many criteria to define m number of factors. The most used one is the Kaiser 
criterion [15], which suggests that the number of extracted factors must be equal to the 
number of eigenvalues higher than one, of  or ρ. 

If X is a random vector, with p components, and the parameters E(X) =  e V(X) = , in factor 
model ortogonal, X is linearly dependent upon several random unobserved variables, F1, F2, 
... , Fm called common factors and  p sources of joining variables: 1, 2, ... , p, called errors or 
specific factors. 

The model of Factor Analysis is represented below, where i is the average of the i-th 
variable, i is the i-th error, or specific factor, Fj is the j-th common factor and lij is the 
weight of the j-th Fj factor on i-th Xi variable. Equation 1 shows the model represented in 
matrix terms. 

X μ l  F l  F l  F ε 1,2,...,1 1 11 1 12 2 1m m 1
X μ l  F l  F l  F ε 1,2,...,2 2 21 1 22 2 2m m 2
...
X μ l  F l  F l  F ε .p p p1 1 p2 2 pm m
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m pp

       


      


       








 

 X  LL’          (1) 

In order to estimate the loading lij and the specific variables i, the method of principal 
components can be used, which is briefly described below [15]. 
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If the pair of eigenvalues and eigenvectors are (i, ei) of the matrix of sample covariance S, 
with 1 2 ... p0 and m<p is the number of common factors the matrix of the estimated 
loadings is given by L = CD1/2, where C is the matrix of the eigenvectors and D is a diagonal 
matrix of which the diagonal elements are the eigenvalues. 

In the application of this method, the observations are primarily centralized or 
standardized, in other words, the matrix of correlation R (estimator of p) is used in order to 
avoid problems of scale. The specific variances estimated �� are given by the diagonal 
elements of the matrix �� = S – LL'. 

In multiple actions, it is necessary to estimate the value of the scores of each factor 
(unobserved) for an individual X observation. These factor values are called factor scores. 
The estimated factor scores to the original variables are F = (L'L)-1 L'(X – X ) and for the 
standardized variables are F = (L’L)’Lz,, that is, if the principal components are used in order 
to estimate the loadings. 

According to [15], with the rotation of factors, a structure is obtained for the low or 
moderated loadings on the other factors. This leads to a more simplified structure to be 
interpreted. Kaiser suggested an analytical measure known as Varimax criteria [15] in order 
to make the rotation. 

The rotation coefficient scaled by the square root of the communalities is defined by ���� =
���
���,. The Varimax selects the orthogonal transformation T that turns V (given by equation 2) 

the largest possible, in other words, the procedure starts from ' 'LT L  and gives the 

loadings *  which comes from LT. Hence, the criterion is to maximize V. 
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In Factor Analysis, communality hi2 is the portion of the variance of the variable that is 
attributed to the factors and represents the percentage of variation of the variable which is 
not random but from the factors. Thus, the criterion used to classify the patterns is sort the 
variables (instruments) according to their factor scores. The factor scores were evaluated by 
a factor that distinguishes the behavior of the instrument, using it as a practical and simple 
quality control of the measurement of the instrument. 

To perform the ranking of the variables (instruments), a final factor score was used, which is 
given by equation (3), where m is the number of factors extracted, λi are the eigenvalues and 
fi are the factor scores. 

 ������������������ = ∑ �����
���
∑ ���
���

      (3) 

The Factor Analysis was done with the aid of the computational Statgraphics [13]. 
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In order to estimate the loading lij and the specific variables i, the method of principal 
components can be used, which is briefly described below [15]. 
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If the pair of eigenvalues and eigenvectors are (i, ei) of the matrix of sample covariance S, 
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The rotation coefficient scaled by the square root of the communalities is defined by ���� =
���
���,. The Varimax selects the orthogonal transformation T that turns V (given by equation 2) 

the largest possible, in other words, the procedure starts from ' 'LT L  and gives the 

loadings *  which comes from LT. Hence, the criterion is to maximize V. 
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In Factor Analysis, communality hi2 is the portion of the variance of the variable that is 
attributed to the factors and represents the percentage of variation of the variable which is 
not random but from the factors. Thus, the criterion used to classify the patterns is sort the 
variables (instruments) according to their factor scores. The factor scores were evaluated by 
a factor that distinguishes the behavior of the instrument, using it as a practical and simple 
quality control of the measurement of the instrument. 

To perform the ranking of the variables (instruments), a final factor score was used, which is 
given by equation (3), where m is the number of factors extracted, λi are the eigenvalues and 
fi are the factor scores. 

 ������������������ = ∑ �����
���
∑ ���
���

      (3) 

The Factor Analysis was done with the aid of the computational Statgraphics [13]. 
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5.1.2. Cluster analysis 

The clustering is a manner of grouping in a way that those patterns inside the same group 
are very similar to each other, and different from patterns of the other groups. According to 
[16], cluster analysis is an analytical technique used to develop meaningful subgroups of 
objects. Its objective is to classify the objects in a small number of groups that are mutually 
exclusive. According, to [17], it is important to favor a small number of groups in cluster 
analysis. 

The clustering algorithms can be divided into categories in many ways, according to its 
characteristics. The two main classes of clustering are: the hierarchical methods and the 
nonhierarchical methods. 

The hierarchical methods include techniques that connection of the items assuming obtain 
various levels of clustering. The hierarchical methods can be subdivided into divisive or 
agglomerative ones. The agglomerative hierarchical method considers at the beginning each 
pattern as a group and interactively, clusters a pair of groups that are the most similar with 
a new group until there is only one group containing all patterns. In the other hand, the 
divisive hierarchical method, starts with a single group and performs a process of successive 
subdivisions [18]. 

The most popular hierarchical clustering methods are: Single Linkage, Complete Linkage, 
Average Linkage and Ward’s Method. The most common method of representing a 
hierarchical cluster is using a dendrogram that represents the clustering of the patterns and 
the levels of similarity in which the groups are formed. The dendrograms can be divided in 
different levels, showing different groups [19]. 

In the dendrogram (figure 6), two groups can be seen by admitting a cut on the level 
represented by the figure. The first one composed by patterns P1, P2 and P5 and the second 
one composed by patterns P3 and P4. 

 
Figure 6. Example of dendrogram. 
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Methods that are not hierarchical or partitioning seek for a way of partitioning without the 
need of hierarchical associations. Optimizing some criteria, a partition of the elements on k 
group is selected [18]. 

The most known method among the nonhierarchical methods is the k-means cluster method 
[15]. Normally, the k clusters that are found are of better quality than the k clusters produced 
by the hierarchical methods. The methods of partitioning are advantageous in applications 
that involve larger series of data. 

The methods of the Multivariate Statistics field were used because these are already 
common methods. The Multivariate Statistic Analysis is an old method that has been made 
feasibly recently with the advance of present, fast and economic computation. 

The clustering of the patterns is based on the measure of similarity and dissimilarity. The 
similarity measure evaluates the similarities of the objects, in other words, the highest the 
measures value are the most similar are the objects. The most known mean of similarity is 
the correlation coefficient. The means of dissimilarity evaluates whether the objects are 
dissimilar, this is to say, that the highest the measure value are the less similar the objects 
are. The most known measure of dissimilarity is the Euclidean distance. 

According to [15], Ward’s method performs the join of two clusters based on the “loss of 
information”. It is considered to be the criteria of “loss of information” the sum of the error 
square (SQE). For each cluster I, the measure of the cluster (or centroide) of the cluster and 
the sum of the cluster error square (SQEi) which is the sum of the error square of each 
pattern of the cluster in relation to the measure. For cluster k there is SQE1, SQE2, ..., SQEk, 
where SQE is defined by equation 4. 

 1 2   ...      kSQE SQE SQE SQE     (4) 

For each pair of cluster m and n, first, the measure (or centroide) of the formed cluster is 
calculated (cluster mn). Then, the sum of error for the square of cluster mn is calculated 
(SQEmn), according to equation 5. 

 1 2    ...  –  –   k m n mnSQE SQE SQE SQE SQE SQE SQE      (5) 

The clusters m and n that show the lower increase on the sum of error square (SQE) (lower 
loss of information) will be gathered. According to [16], this method tends to obtain clusters 
of same size due to the deacrese of its internal variation. 

Cluster Analysis was applied with the aid of the computational software Statgraphics [13]. 
The measure of dissimilarity used was the Euclidean distance. The data were standardized. 

6. Status 
This research was performed during the first author’s (Rosangela Villwock) doctorate 
process, from 2005 to 2009, in the Post-graduation Program on Numerical Methods in 
Engineering, of the Federal University of Paraná, guided by the second author of this text 
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(Maria Teresinha Arns Steiner). This study was part of a project guide by the third author 
(Andrea Sell Dyminski), called “Analise de Incertezas e Estimação de Valores de Controle para o 
Sistema de Monitoração Geotécnico-estrutural na Barragem de Itaipu” (Estimation of Control 
Values for the System of Geotechnic-structural Monitoring in the Itaipu Dam). All the 
research process counted with the collaboration of the fourth author (Anselmo Chaves Neto) 
and it was also supervised by him. 

As mentioned before, the aim of this paper is to identify the instruments that are the most 
significant to the analysis of the behavior of dams. There are no records of the existence of 
methods that perform the ranking of the instruments of monitoring dams. In order to achieve 
this aim, it is necessary to select, cluster and rank geotechnical-structural instruments of an 
electric power plant looking forward to maximizing the effectiveness and efficiency of the 
readings analysis, in our case the Itaipu Hydroelectric Power Plant. In case of needing to 
intensify the reading this hierarchy could be useful to define which instruments to choose. 

The choice of instrumentation is performed with no previous knowledge about the location, 
features, or characteristics of the instruments. In this way, it is possible to think of applying 
the methodology when making decisions about the automation of the additional 
instruments. Approaches that are similar to this can be used in many other cases because 
there are hundreds of large Civil Engineering construction works that rely on systems of 
instrumentation in Brazil which the data must have an appropriate treatment. 

7. Results 

In the cluster Analysis, the patterns are the rods of the extensometers, and its readings along 
the months which are compared in order to determine the clusters. The dendrogram on 
figure 7 shows the formation of the clusters for these data. 

Considering the first cut, there are two clusters left. The first cluster, here denominated 
“cluster 1”, is formed by the rods of the extensometers that are considered extremely 
important to the monitoring of the dam. They are rods of extensometers installed in the axis 
of the block upstream the dam and inclined 60º towards upstream. 

Notice that there is a formation of two additional clusters in the second cut. The first one 
denominates “cluster 2” which most of its rods of the extensometer installed in the balsatic 
rocks B, C and D (A and B are called the deepest rocks; C and D are called the superficial 
rocks), and on the lithological contacts B/C and C/D. The second cluster, denominated 
“cluster 3” has most of the rods of the extensometers installed in the joints (between the rock 
layers) A and B and on the lithological contact A/B. 

This was the quantity of clusters which are been considered (3 clusters), since it was possible 
to obtain technical justification for its formation. In a larger subdivision, such justification 
was not observed. 

Notice that at this point it was possible to cluster the instruments according to the relevant 
geological characteristics of the foundation mass, even though they weren’t explicitly 
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showed to the technician. However, on cluster 2, three rods of extensometers installed in 
joint B were observed, and in cluster 3, three rods of extensometers installed in the basaltic 
rocks B and C and in the lithological contact B/C were observed. 

 
Figure 7. Dendrogram showing the formation of the clusters in different types of cuts (Ward’s method). 

Figure 8 shows the graphic of all the rods of the extensometer during the period of study. 
The lines were colored according to the cluster of which the rods belong to (black, blue and 
yellow for clusters 1, 2 and 3, respectively). It is possible to note the distinction between the 
clusters. This distinction of clusters is not easily recognized when there is no previous 
knowledge about these three clusters. The task would not be possible if a larger cluster of 
data hat to be analyzed, hence, the importance of this type of analysis. 

Cluster 1, which is composed by rods of extensometers installed on the upstream of the 
dam, clearly shows the effects of summer and winter. The clusters 2 and 3 are separated due 
to the absolute measures. This separation can be justified by the fact that they are indifferent 
conditions, which is more superficial in cluster 2, and deeper in cluster 3. Once the readings 
of the most superficial rods and the readings of the deepest rods are summed up, these 
measures are larger. 

Table 2 shows the most important rod for each of eight factors, for instances, the rod 
dominating each factor. Notice that in table 2 the factor 2 is dominated by the rod equip1_1, 
equip1_2, equip4_1, equip4_2, equip6_1, equip6_2, equip8_1, equip8_3, equip21_1, 
equip21_2, equip25_3, equip26_2 e equip31_1.  This factor has 10 of the 11 rods that are part 
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of cluster 1, it means that there is an external phenomenon influencing them. As mentioned 
before, these rods reflect the effects of the summer and winter. In the same way, each factor 
is dominated by a set of rods and there is an external phenomenon that explains each set of 
rods or factor, even though it is not easy to interpret them. 

 
Figure 8. Graphic of all rods of the extensometers from the period of study.  

 

factor1 

equip7_1 equip7_2 equip7_3 equip11_1 equip12_1 equip12_2 equip13_1 
equip13_2 equip14_1 equip14_2 equip14_3 equip19_2 equip20_2 equip20_3 
equip22_1 equip22_2 equip22_3 equip23_1 equip23_2 equip23_3 equip24_1 
equip24_2 equip24_3 equip25_1 equip25_2 equip27_2 equip28_1 equip28_2 
equip29_1 equip29_2 equip32_3 equip33_1 equip33_2 equip33_3 equip34_1 
equip34_2 equip34_3 equip35_1 equip35_2       

factor2 
equip1_1 equip1_2 equip4_1 equip4_2 equip6_1 equip6_2 equip8_1 
equip8_3 equip21_1 equip21_2 equip25_3 equip26_2 equip31_1  

factor3 equip2_1 equip2_2 equip3_1 equip3_2 equip5_1 equip5_2  
factor4 equip13_3 equip18_1 equip18_2 equip18_3 equip19_1 equip19_3  
factor5 equip15_1 equip15_2      
factor6 equip8_2 equip20_1 equip32_2     
factor7 equip26_1       
factor8 equip32_1       

Table 2. Rods of extensometers that are important to each factor, according to its weights in the Factor 
Analysis. 
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A community is the portion of the variation of the extensometer rods which is explained by 
its factors. A low community within a rod indicates that the same is not greatly affected by 
the factor because a community is the sum of contributions of each rod in each square factor. 
Thereon, in this case the influence mainly comes from a random factor. Notice that none of 
the extensometer rods showed lower community than 0.71, it means that none of the 
random variations are over 29%. A community that is equal to 0.71 indicates that the 71% of 
the rods extensometer variations is ascribed to the factors and that only 29% of those 
variations is random, it means that these correlated rods are working properly. A low 
community would indicate a need of investigating the rods. 

Table 3 shows 25 rods of extensometers with the highest communalities. In case of reading 
intensification, these rods are the recommended ones. The highlighted rods are part of the 
system of automatic data acquisition of Itaipu. 24 of the 74 rods that were analyzed were 
automated by the engineers’ team of Itaipu. The method of ranking that was proposed 
(without the previous clustering of the rods) indentified 14 of the 24 automated rods. 
 

Communality 0,988861 0,981763 0,976523 0,975655 0,972231 0,971971 
Rod equip29_1 equip21_2 equip23_1 equip22_1 equip3_1 equip1_1 
Communality 0,971798 0,970804 0,970397 0,968213 0,968083 0,967029 
Rod equip22_3 equip11_1 equip1_2 equip23_2 equip4_1 equip21_1 
Communality 0,966632 0,965999 0,965522 0,964925 0,963139 0,960121 
Rod equip4_2 equip29_2 equip34_3 equip6_1 equip6_2 equip22_2 
Communality 0,957609 0,953036 0,950395 0,949394 0,949108 0,948646 
Rod equip14_3 equip25_1 equip33_2 equip24_2 equip24_1 equip5_1 
Communality 0,943644      
Rod equip28_1      

Table 3. Shows the 25 rods of extensometers with the highest communalities. 

After forming three clusters, the ranking of the rods was performed within each cluster with 
the help of the Factor Analysis. The hierachization within each group can also be used to 
identify rods used on readings intensification. The advantage of application of ranking 
within each group is that a separation of the rods with similar behavior is firstly obtained 
then the indicated rods will well represent the variability of the cluster. Note that the rods of 
the automated extensometers are, mostly, among the first in the ranking of each cluster. 

As mentioned above, a low communality of a rod indicates that this rod is not strongly 
influenced by the factors and, in this case, the influence comes from random factors. In the 
application of Factor analysis within each cluster, there are rods of extensometers with 
communities between 0,6 and 0,7, in other words, random variation between 30% and 40%. 
It is indicated that the investigation on the rods is performed in this case. 

Furthermore, in order to identify the 24 rods that are the most relevant, we opted, in first 
place, to identify the 8 best ranked rods from each cluster. In this case, there would be 15 out of 
the 24 automated rods. This number of rods coinciding with the automated ones in Itaipu 
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Table 2. Rods of extensometers that are important to each factor, according to its weights in the Factor 
Analysis. 
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A community is the portion of the variation of the extensometer rods which is explained by 
its factors. A low community within a rod indicates that the same is not greatly affected by 
the factor because a community is the sum of contributions of each rod in each square factor. 
Thereon, in this case the influence mainly comes from a random factor. Notice that none of 
the extensometer rods showed lower community than 0.71, it means that none of the 
random variations are over 29%. A community that is equal to 0.71 indicates that the 71% of 
the rods extensometer variations is ascribed to the factors and that only 29% of those 
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community would indicate a need of investigating the rods. 

Table 3 shows 25 rods of extensometers with the highest communalities. In case of reading 
intensification, these rods are the recommended ones. The highlighted rods are part of the 
system of automatic data acquisition of Itaipu. 24 of the 74 rods that were analyzed were 
automated by the engineers’ team of Itaipu. The method of ranking that was proposed 
(without the previous clustering of the rods) indentified 14 of the 24 automated rods. 
 

Communality 0,988861 0,981763 0,976523 0,975655 0,972231 0,971971 
Rod equip29_1 equip21_2 equip23_1 equip22_1 equip3_1 equip1_1 
Communality 0,971798 0,970804 0,970397 0,968213 0,968083 0,967029 
Rod equip22_3 equip11_1 equip1_2 equip23_2 equip4_1 equip21_1 
Communality 0,966632 0,965999 0,965522 0,964925 0,963139 0,960121 
Rod equip4_2 equip29_2 equip34_3 equip6_1 equip6_2 equip22_2 
Communality 0,957609 0,953036 0,950395 0,949394 0,949108 0,948646 
Rod equip14_3 equip25_1 equip33_2 equip24_2 equip24_1 equip5_1 
Communality 0,943644      
Rod equip28_1      

Table 3. Shows the 25 rods of extensometers with the highest communalities. 

After forming three clusters, the ranking of the rods was performed within each cluster with 
the help of the Factor Analysis. The hierachization within each group can also be used to 
identify rods used on readings intensification. The advantage of application of ranking 
within each group is that a separation of the rods with similar behavior is firstly obtained 
then the indicated rods will well represent the variability of the cluster. Note that the rods of 
the automated extensometers are, mostly, among the first in the ranking of each cluster. 

As mentioned above, a low communality of a rod indicates that this rod is not strongly 
influenced by the factors and, in this case, the influence comes from random factors. In the 
application of Factor analysis within each cluster, there are rods of extensometers with 
communities between 0,6 and 0,7, in other words, random variation between 30% and 40%. 
It is indicated that the investigation on the rods is performed in this case. 

Furthermore, in order to identify the 24 rods that are the most relevant, we opted, in first 
place, to identify the 8 best ranked rods from each cluster. In this case, there would be 15 out of 
the 24 automated rods. This number of rods coinciding with the automated ones in Itaipu 
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would increase with the aid of a specialist for a better interpretation of the results. This 
specialist would detect that cluster 1, for example, is formed by rods that are extremely 
important for the monitoring of dams, and that all rods from this cluster should be automated. 

This type of analysis was not found in literatures, for this reason the contribution of this 
study is relevant. It is recommended that this Analysis (process of hierarquization) is 
repeated periodically (according to the needs indicated by the specialists in this field – in 
this case, by the engineers’ team of Itaipu) what could be done, for example, every two 
years. This can show the appearance of new rods that are indicated by the performing of 
readings intensification (that should be investigated), the same could occur with rods that 
would no longer be indicated. 

When there are rods within the clusters with low communalities, it is recommended that 
they are investigated. Low communality indicates a high percentage of randomness in the 
data and that can be an indicator of problems with the rods. 

These identifications of similar rods can also be used in projecting the control values. In this 
case, the values of control for each rod can be associated to the readings of the rods that 
belong to a same cluster. 

The final factorial score performs the hierachization of the attributes. In this case the 
patterns are vectors of which the components (attributes) are the readings of the rods of the 
extensometers in a certain month. Therefore, the final factorial score performs the 
hierachization of the months showing whether there is any month that is rather relevant and 
that deserves greater attention. 

Table 4 shows the first 15 months with a higher final factorial score and the last 15 months 
with lower final factorial scores, considering the 72 rods of extensometers. The values of the 
15 first months with a higher final factorial score reveal that all the months are important; 
there is no month that is rather relevant. Only the month of December does not appear in 
the first 15 months. Notice that 1995 was the most relevant year and in analyzing the 
ambient temperature during the period of study it was possible to verify that this occurred 
due to the high temperature variation. The values of the last 15 months with least final 
factorial scores revealed that the months of April, May, and June are the most important 
one, identifying the effects of summer. 

As mentioned, cluster 1 shows the effect winter/summer in its readings. For this reason the 
final factorial score was calculated in order to perform a ranking of the months for cluster 1, 
to show whether there is any month or some months with greater relevance. 

The first 15 months with a higher final factorial score and the last 15 months with least final 
factorial scores were observed considering only the 11 rods of the extensometer of cluster 1. 
The values of the 15 first months with higher final factorial scores reveal that the months of 
September, October, and November are the most relevant ones, identifying the effects of 
winter. The values of the last 15 months with least final factorial score reveal that the 
months of March, April, May and June are the most important ones, identifying the effects 
of summer. 
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The identification of the months with more significant readings for an external effect (in this 
case, the effect of summer and of winter on the readings of the rods of the extensometers), can 
be useful, for example, in the projection of the values of control. Admitting that there are 
differences in the readings of the rods for the months related above, only the readings 
performed in these months would be used to define specific values of control for these months. 
 

15 first 15 last
Final factorial score Month Final factorial score Month
1,755 January/98 -0,761 April/02 
1,217 August/95 -0,816 July/03
1,153 January/95 -0,821 Febrary/03 
1,091 Febrary/95 -0,821 June/00
0,992 June/95 -0,856 June/02
0,914 March/95 -0,877 May/03
0,902 April/95 -0,904 Febrary/00 
0,877 November/96 -0,924 May/00
0,794 May/95 -0,934 May/02
0,781 July/95 -0,965 April/00 
0,776 April/97 -0,971 April/04 
0,749 October/95 -1,050 April/03 
0,741 November/95 -1,061 June/03
0,710 September/95 -1,135 May/00
0,709 Febrary/96 -1,152 March/03 

Table 4. Shows final factorial scores of the months in which the readings of the 72 rods of the 
extensometers were performed. 

8. Further research 

The application of this methodology is suggested for other instruments and other periods, 
and the implementation of it in order to define values of control and for anomaly detection. 
Once the process of ranking is repeated in several periods (every 2 years, for example.) it can 
show the appearance of new rods which are indicated for performing readings 
intensification or the appearance of rods that could no longer be indicated (these should be 
investigated). 

9. Conclusions 

This manuscript shows a methodology that uses some techniques of the field of Multivariate 
Analysis, which aim is to select, cluster and rank geotechnical-structural instruments of a 
Hydroelectric power plant, in our case, the Itaipu hydroelectric power plant, in order to 
maximize the efficiency and effectiveness of the analysis of the readings. 
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would increase with the aid of a specialist for a better interpretation of the results. This 
specialist would detect that cluster 1, for example, is formed by rods that are extremely 
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data and that can be an indicator of problems with the rods. 
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extensometers in a certain month. Therefore, the final factorial score performs the 
hierachization of the months showing whether there is any month that is rather relevant and 
that deserves greater attention. 
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with lower final factorial scores, considering the 72 rods of extensometers. The values of the 
15 first months with a higher final factorial score reveal that all the months are important; 
there is no month that is rather relevant. Only the month of December does not appear in 
the first 15 months. Notice that 1995 was the most relevant year and in analyzing the 
ambient temperature during the period of study it was possible to verify that this occurred 
due to the high temperature variation. The values of the last 15 months with least final 
factorial scores revealed that the months of April, May, and June are the most important 
one, identifying the effects of summer. 

As mentioned, cluster 1 shows the effect winter/summer in its readings. For this reason the 
final factorial score was calculated in order to perform a ranking of the months for cluster 1, 
to show whether there is any month or some months with greater relevance. 

The first 15 months with a higher final factorial score and the last 15 months with least final 
factorial scores were observed considering only the 11 rods of the extensometer of cluster 1. 
The values of the 15 first months with higher final factorial scores reveal that the months of 
September, October, and November are the most relevant ones, identifying the effects of 
winter. The values of the last 15 months with least final factorial score reveal that the 
months of March, April, May and June are the most important ones, identifying the effects 
of summer. 
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differences in the readings of the rods for the months related above, only the readings 
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Table 4. Shows final factorial scores of the months in which the readings of the 72 rods of the 
extensometers were performed. 

8. Further research 

The application of this methodology is suggested for other instruments and other periods, 
and the implementation of it in order to define values of control and for anomaly detection. 
Once the process of ranking is repeated in several periods (every 2 years, for example.) it can 
show the appearance of new rods which are indicated for performing readings 
intensification or the appearance of rods that could no longer be indicated (these should be 
investigated). 

9. Conclusions 

This manuscript shows a methodology that uses some techniques of the field of Multivariate 
Analysis, which aim is to select, cluster and rank geotechnical-structural instruments of a 
Hydroelectric power plant, in our case, the Itaipu hydroelectric power plant, in order to 
maximize the efficiency and effectiveness of the analysis of the readings. 
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The methodology showed was applied to the instruments called extensometers, locates in 
different points of block F of the dam, a total of 30 extensometers that with one, two or three 
point rods totalized 72 measures of monthly displacement. This measures were stored over 
a period of 10 years, totalizing 120 readings (January/1995 to December/2004). It is important 
to remember that 24 measures out of the 72 were automated by the company. The ranking of 
the instruments would be a way to choose the instruments without any previous knowledge 
about its location, features, or other characteristics. In this way, it is possible to think in 
applying this methodology in further decision-making when it relates to the automation of 
additional new instruments. 

The methodology used to analyze the problem of the research was composed by the 
following form: Ward’s method was applied in order to cluster 72 rods of extensometers; at 
the same time, the Factor Analysis was applied in order to rank the rods; latter, the Factor 
Analysis was applied within each cluster formed by Clustering Analysis. 

In the Factor Analysis applied to the 72 rods, there was not need of investigation for any of 
the rods, once the communality was high for each of them. Observing the 25 rods of 
extensometers with the highest communality, 14 rods were identified among the ones that 
were automated by the team of engineers of Itaipu (the automated rods are the ones 
considered the most important), in other words, the proposed hierachization method 
(without previous clustering of the rods) identified 14 of the 24 automated rods. 

The Clustering Analysis shows that it is possible to find technical justification for the 
formation of three clusters. The instruments were clustered according the relevant 
geological characteristics of the foundation mass, although they were not explicitly shown to 
the technicians. 

By observing the clusters 1, 2, and 3, the factor analysis was applied within each cluster in 
order to perform the ranking of the rods of the extensometers. It was possible to notice that 
the rods of the automated extensometers are, most of the time, among the first ones of the 
ranking of each cluster. 

In order to identify the 24 rods that are the most relevant, we decided to identify the 8 best 
ranked rods from each cluster. In this case, there would be 15 of the 24 automated rods. This 
number of rods coinciding with the automated ones in Itaipu would increase with the aid of 
a specialist for a better interpretation of the results. For instance, this specialist would detect 
that cluster 1is formed by rods that are extremely important for the monitoring of dams and 
that all rods from this cluster should be automated. 

Approaches that are similar to this can be used in many other cases, since there are 
thousands of large construction works of Civil Engineering that use the system of 
instrumentation, of which the data can and must receive an appropriate treatment. 

The approach of an important problem of engineer, the analysis of the instrumentation data 
of large construction works, clustering techniques and other techniques were applied, in the 
context of the Multivariate Statistical Analysis, aiming the identification of the instruments 
that are the most significant ones to the analysis of the behavior of dams. 
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1. Introduction 

The issue of variable selection has been widely investigated for different purposes, such as 
clustering, classification or function approximation becoming the focus of many research 
works where datasets can contain hundreds or thousands variables. The subset of the potential 
input variables can be defined through two different approaches: feature selection and feature 
extraction. Feature selection reduces dimensionality by selecting a subset of original input 
variables, while feature extraction performs a transformation of the original variables to 
generate other features which are more significant. When the considered data have a large 
number of features it is useful to reduce them in order to improve the data analysis. In extreme 
situations the number of variables can exceed the number of available samples causing 
the so-called problem of curse of dimensionality [1], which leads to a decrease in terms of 
accuracy of the considered learning algorithm when the number of features increases. The 
main reason for seeking for data reduction include the need to reduce calculation time of 
a given learning algorithm, to improve its accuracy [2] but also to deepen the knowledge 
of the considered problem, by discovering which factors actually affect it. A high number 
of contributions based on artificial intelligence, genetic algorithms, statistical approaches 
have been proposed in order to develop novel efficient variable selection methods that are 
suitable in many application areas. Section 1 and Section 2 provide a preliminary review 
of traditional and Artificial Intelligence–based feature extraction techniques and variable 
selection in order to demonstrate that Artificial Intelligence are often capable to 
outperform the widely adopted traditional methods, due to their flexibility and to their 
possibility of self-adapting to the characteristics of the available dataset. Finally in Section 
4 some concluding remarks are provided. 

© 2012 Cateni et al., licensee InTech. This is a paper distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.
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1. Introduction 

The issue of variable selection has been widely investigated for different purposes, such as 
clustering, classification or function approximation becoming the focus of many research 
works where datasets can contain hundreds or thousands variables. The subset of the potential 
input variables can be defined through two different approaches: feature selection and feature 
extraction. Feature selection reduces dimensionality by selecting a subset of original input 
variables, while feature extraction performs a transformation of the original variables to 
generate other features which are more significant. When the considered data have a large 
number of features it is useful to reduce them in order to improve the data analysis. In extreme 
situations the number of variables can exceed the number of available samples causing 
the so-called problem of curse of dimensionality [1], which leads to a decrease in terms of 
accuracy of the considered learning algorithm when the number of features increases. The 
main reason for seeking for data reduction include the need to reduce calculation time of 
a given learning algorithm, to improve its accuracy [2] but also to deepen the knowledge 
of the considered problem, by discovering which factors actually affect it. A high number 
of contributions based on artificial intelligence, genetic algorithms, statistical approaches 
have been proposed in order to develop novel efficient variable selection methods that are 
suitable in many application areas. Section 1 and Section 2 provide a preliminary review 
of traditional and Artificial Intelligence–based feature extraction techniques and variable 
selection in order to demonstrate that Artificial Intelligence are often capable to 
outperform the widely adopted traditional methods, due to their flexibility and to their 
possibility of self-adapting to the characteristics of the available dataset. Finally in Section 
4 some concluding remarks are provided. 
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2. Feature extraction 

Feature extraction is a process that transforms high dimensional data into a lower 
dimensional feature space through the application of some mapping. Brian Ripley [3] gives 
the following definition of the feature extraction problem:  

"Feature extraction is generally used to mean the construction of linear combinations αTx of 
continuous features which have good discriminatory power between classes". 

In Neural Network research, as well as in other disciplines included in the Artificial 
Intelligence area, an important problem is finding a suitable representation of multivariate 
data. Feature extraction is used in this context in order to reduce the complexity and to give 
a simpler representation of data representing each component in the feature space as a 
linear combination of the original input variables. If the extracted features are suitably 
selected, then it is possible to work with the relevant information from the input data using 
a reduced dataset. The most popular feature extraction technique is the Principal 
Component Analysis (PCA) but many alternatives in the last years are been proposed. In the 
following sub-paragraphs several feature extraction approaches are proposed. 

2.1. Principal Component Analysis 

The Principal Component Analysis (PCA) was introduced by Karl Pearson in 1901 [4]. PCA 
consists into an orthogonal transformation to convert samples belonging to correlated 
variables into samples of linearly uncorrelated features. The new features are called principal 
components and they are less or equal to the initial variables. If data are normally distributed, 
then the principal components are independent. PCA mathematically transforms data by 
referring them to a different coordinate system in order to obtain on the first coordinate the 
first greatest variance and so on for the other coordinates [5]. Figure 1 shows an example of 
PCA in 2D. The original coordinate system (x,y) is transformed into the feature space (x', y') 
in order to have the maximum variance in the x' direction.  

 
Figure 1. Example of PCA in 2D. 
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The main reason for the use of PCA concerns the fact that PCA is a simple non-parametric 
method used to extract the most relevant information from a set of redundant or noisy data. 
This method reduces the number of available variables by eliminating the last principal 
components that do not significantly contribute to the observed variability. Also, PCA is a 
linear transformation of data that minimizes the redundancy (which is measured through 
the covariance) and maximizes the information (which is measured through the variance). 
The principal components are new variables with the following properties: 

1. each principal component is a linear combination of the original variables; 
2. the principal components are uncorrelated to each other and also the redundant 

information is removed. 

2.2. Linear Discriminant Analysis 

While the PCA is unsupervised (i.e. it does not take into account class labels), the Linear 
Discriminant Analysis (LDA) is a popular supervised technique which is widely used in 
computer-vision, pattern recognition, machine learning and other related fields [6]. LDA 
performs an optimal projection by maximizing the distance between classes and minimizing 
the distance between samples within each class at the same time [7]. This approach reduces 
the dimensionality preserving as much of the class discriminatory information as possible. 
The main limitation of this approach lies in the fact that it can produce a limited number of 
feature projections (that is equal to the number of classes minus one). If more features are 
needed some other method should be employed. Moreover LDA is a parametric method 
and it fails if the discriminatory information lies not in the mean values but in the variance 
of data. When the dimensionality of data overcomes the number of samples, which is 
known as singularity problem, Linear Discriminant Analysis is not an appropriate method. In 
these cases the data dimensionality can be reduced by applying the PCA technique before 
LDA. This approach is called PCA+LDA [8, 9]. Other solutions dealing with the singularity 
problem include regularized LDA (RLDA) [10], null space LDA (NLDA) [11], orthogonal 
centroid method (OCM) [12], uncorrelated LDA (ULDA) [13].  

2.3. Latent Semantic Analysis 

Latent Semantic Analysis (LSA) was introduced by Deerwester et al. in 1990 [14] as a variant 
of the PCA concept. Firstly LSA was presented as a text analysis method when the features 
are represented by terms occurring in the considered text [2]. Subsequently LDA has been 
employed on image analysis [15], video data [16] and music or audio analysis [17]. The main 
objective of the LSA process is to produce a mapping into a "latent semantic space" also 
called Latent Topic Space. LSA finds co-occurrences of terms in documents to provide a 
mapping into the latent topic space where documents can be connected if they contain few 
terms in common respect to the original space. Recently Chen et al. [18] proposed a new 
method called Sparse Latent Semantic Analysis which selects only few relevant words for 
each topic giving a compact representation of topic-word relationships. The main advantage 
of this approach lies in the computational efficiency and in the low memory required for 
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storing the projection matrix. In [18] the authors compare the Sparse Latent Semantic 
Analysis with LSA and LDA through experiments on different real world datasets. The 
obtained results demonstrate that Sparse LSA has similar performance with respect to LSA 
but it is more efficient in the projection computation, storage and it better explains the topic-
world relashionships. 

2.4. Independent Component Analysis 

Independent Component Analysis (ICA) is an approach where the objective is to find a 
linear representation of non-gaussian data and the calculated components are statistically 
independent [19]. In literature at least three definitions of ICA has been given [20-22]: 

i. General definition. ICA of the random vector consists of finding a linear transform 
s=Wx so that the components si are as independent as possible, in the sense of 
maximizing some functions F(si, ... sn) that measures independence. 

ii. Noisy ICA model. ICA of a random vector x consists of estimating the following 
generative model for the data x=As+n where the latent variables (components) si in the 
vector s =(s1, ..., sn)T are assumed independent. The matrix A is a constant mxn mixing 
matrix, and n is a m-dimensional random noise vector. 

iii. Noise-free ICA model. ICA of a random vector x consists of estimating the following 
generative model for the data: x=As where A and s are as in Definition 2. 

The first definition is the most general one, as no a priori assumptions on the data are made. 
However it is an imprecise definition, as it is necessary to define a measure of independence 
for si. The second definition reduces the ICA problem to an estimation of a latent variable 
method, but this estimate can be quite difficult; definition 3 is actually the most used one. 

The possibility to identify a noise-free ICA approach is ensured by adding the following 
assumptions [22]: 

1. All the independent components si must be non-gaussian (only one gaussian 
component should be accepted). 

2. The number of observed mixtures must be greater or equal to the number of 
independent components. 

ICA can be used to extract features finding independent directions in the input space. This 
objective is more difficult than using PCA approach, as in PCA the variance of data along a 
direction can be immediately calculated and it is maximised by PCA itself, while there is not 
straightforward metric for quantifying the independence of directions belonging to the 
input space [23]. Recently, in order to extract independent components, neural network 
algorithms have been adopted [24]. 

3. Variable selection 

Variable selection approach reduces the dimension of a dataset of variables potentially 
relevant with respect to a given phenomenon by finding the best minimum subset without 
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transform data into a new set. Variable selection points out all the inputs affecting the 
phenomenon under consideration and it is an important data pre-processing step in 
different fields such as machine learning [25-26], pattern recognition [27, 28], data mining 
[29], medical data [30] and many others. Variable Selection has been widely performed in 
applications such as function approximation [31], classification [32-34] and clustering [35]. 
The difficulty of extracting the most relevant variables is due mainly to the large dimension 
of the original variables set, the correlations between inputs which cause redundancy and 
finally the presence of variables which do not affect the considered phenomenon and thus, 
for instance in the case of the development of a model predicting the output of a give 
system, do not have any predictive power [36]. In order to select the optimal subset of input 
variables the following key considerations should be taken into account: 

 Relevance. The number of selected variables must be checked in order to avoid the 
possibility to have too few variables which do not convey relevant information. 

 Computational efficiency. If the number of selected input variables is too high, then 
the computational burden increases. This is evident when an artificial neural network is 
performed. Moreover including redundant and irrelevant variables the task of training 
an artificial neural network is more difficult because irrelevant variables add noise and 
slow down the training of the network. 

 Knowledge improvement. The optimal selection of input variables contributes to a 
deeper understanding of the process behaviour.  

To sum up, the optimal set of input variables will contain the fewest number of variables 
needed to describe the behaviour of the considered system or phenomenon with the 
minimum redundancy and with informative variables. 

If the optimal set of input variables is identified, then a more accurate efficient, inexpensive 
and more easy interpretable model can be built. 

In literature variable selection methods are classified into three categories: filter, wrapper 
and embedded methods. 

3.1. Filter approach 

Filter approach is a pre-processing phase which is independent of the learning algorithm 
that is adopted to tune and/or build the system (e.g. a predictive model) that exploits the 
selected variables as inputs. Filters are computationally convenient but they can be affected 
by overfitting problems. Figure 2 shows a generic scheme of the approach. 

 
Figure 2. Generic scheme of filter methods. 
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The subset of relevant variables is extracted by evaluating the relation between input and 
output of the considered system. All input variables are classified on the basis of their 
pertinence to the target considering statistical tests [37, 38]. The main advantage of filter 
approach regards the low computational complexity ensuring speed to the model. On the 
other hand the main disadvantage of filter approach is that, being independent of the 
algorithm that is used to tune or build the model which is fed with the selected variables as 
inputs, this method cannot optimize the adopted model in the learning machine [39]. In the 
following subparagraphs some of the popular filter approaches presented in literature are 
described. 

3.1.1. Chi-square approach 

The chi-square approach [40] evaluates variables individually by measuring their chi-
squared statistic. The test provides a score that follows a chi-square distribution with the 
objective to rank the set of input features. This approach is widely used but it does not take 
into account features interaction. If we assume that the class variable is binary the chi-
squared value for scoring the belonging of variable v to the class k is evaluated as follows: 

 ��(�� �� �) = ∑ [(�������)���
����� +	 (�������)���

�]	 (1) 

where D is the considered dataset, N is the number of the input variables, ���	is the number 
of samples that have positive class for the variable i and finally ��� represents the expected 
value if there are any relationship between v and k. 

In statistic the chi-squared test is used to verify if two events are independent. In feature 
selection chi-squared statistic performs a hypothesis test on the distribution of the class, as it 
relates to the measure of the variable under consideration; the null hypothesis represents an 
absence of correlation. 

3.1.2. Correlation method 

The correlation approach, used in feature selection, consists in calculating the correlation 
coefficient between the features and the target (or the class in the case of classification 
problems). A feature is selected if it is highly correlated with the class but not correlated 
with the remaining features [44]. There are two different approaches which evaluate the 
correlation between two variables: the classical linear correlation and the correlation based 
on information theory. Regard to the linear correlation coefficient, it is calculated by 
following equation: 

 � = ∑ (������)(������)�

�∑ (������)�� 	�∑ (������)��
 (2) 

where x, y are the two considered variables, while µx and µy are their mean values. The 
linear correlation coefficient c lies in the range [-1, 1]. If the two variables are linearly 
correlated then |c|=1, while if they are independent c assumes a null value. This approach 
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has two main advantages: it removes features having a very low correlation coefficient and 
it reduces redundancy. On the other hand, the linear correlation approach does not 
adequately outline non linear correlations, which often occur when treating with real world 
datasets. 

3.1.3. Information Gain 

Information Gain (IG) is widely used on high dimensional data, such as text classification 
[41]. It calculates the amount of information in bits concerning the class prediction when the 
only information available is the presence of a variable and the corresponding target (or 
class) distribution [42]. Also, it measures the expected decrease in entropy in order to decide 
how important a given feature is. An entropy function increases when the class distribution 
becomes more sparse and it can be recursively applied to find the subsets entropy. The 
following equation provides an entropy function which satisfies the two requirements. 

 �(�) = −∑ ��
�

�
��� log(�� �� ) (3) 

where D is the dataset, n is the number of instances included in D, ni represents the 
members in class i and C is the number of classes. Moreover the following equation 
represents the entropy of the subsets. 

 �(�|�) = ∑ ������ ��(�|� − ��)�  (4) 

where H(D|x=xj) represents the entropy correlated to the subset of instances which assumes 
a value of xj for the feature x. For example, when x provides a good description of the class, 
the value which is associated to that feature assumes a low value of entropy in its class 
distribution. Finally the Information Gain is defined as the reduction in entropy as follows: 

 IG(X)=H(D)-H(D|X) (5) 

High value of the IG indicates that X is a significant feature for the considered phenomenon 
[43]. 

3.2. Wrapper approach 

While filter methods select the subset of variables in a pre-processing phase independently 
from the machine learning method that is used to build the model that should be fed with 
the selected variables, wrapper approaches consider the machine learning as a black box in 
order to select subsets of variables on the basis of their predictive power. The wrapper 
approach was introduced by Kohavi and John in 1997 [45] and the basic idea is to use the 
prediction performance (or the classification accuracy) of a given learning machine to 
evaluate the effectiveness of the selected subset of features. A generic scheme concerning 
wrapper approach is shown in Figure 3. Wrapper method is computationally more 
expensive than filter approach and it could be seen as a brute force approach. On the other 
hand, considering the learning machine as a black box, wrapper methods are simple and 
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High value of the IG indicates that X is a significant feature for the considered phenomenon 
[43]. 

3.2. Wrapper approach 
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universal. The exhaustive search becomes unaffordable if the number of variables is too 
large. In fact, if the dataset contains k variables, 2k possible subsets need to be evaluated, i.e 
2k learning processes to run. The following sub paragraphs treat some wrapper strategies 
commonly used. 

 
Figure 3. Generic diagram of wrapper approach. 

3.2.1. Greedy search strategy 

The Greedy search strategies can be divided into two different directions: Sequential 
Forward Selection (SFS) and Sequential Backward Selection (SBS). SFS approach starts with 
an empty set of features. The other variables are iteratively added into a larger subset until 
stopping criterion is reached. In general the adopted criterion is the improvement in 
accuracy. The proposed approach is computationally efficient and tests increasingly large 
sets in order to reach the optimal one. On the other hand SFS does not take into account all 
possible combinations but only selects the smallest subset: the risk arises to get trapped into 
a locally optimal point if the procedure prematurely ends [46]. SBS is the inverse of the 
forward selection approach. The process starts including all available features and then the 
less important variables are deleted one by one. In this case the importance of an input 
variable is determined by removing an input and evaluating the performance of the learning 
machine without it. If k is the number of the available input variables, the greedy search 
strategies needs, at maximum, k(k+1)/2 training procedures. When the SFS stops early it is 
less expensive than the SBS approach [47]. 

3.2.2. Genetic algorithm approach 

Genetic algorithms (GAs) are efficient approaches for function minimization [43]. The 
genetic algorithm is a general adaptive optimization search technique and it is based on the 
Darwin Theory obtaining the optimal solution after iterative calculations. GAs create several 
populations of different possible solutions representing the so-called chromosome until an 
acceptable result is reached. A fitness function evaluates the goodness of a solution in 
evolution step. The crossover and mutation are operators that randomly affect the fitness 
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score. In literature many wrapper approaches based on GA are proposed. Huang and Wang 
[48] present a genetic algorithm approach for feature selection and parameters optimization 
in order to improve the Support Vector Machine (SVM) classification accuracy [49]. Cateni et 
al. [50] present a method based on GAs that selects the best set of variables to be fed as input 
to a neural network. This approach is applied to a function approximation problem. The GA 
chromosomes are binary and their length corresponds to the number of available variables, 
also each gene is associated to an input. If the gene assumes unitary value it means that the 
corresponding input variable has been selected. The fitness function is represented by a 
feed-forward neural network [51] and the prediction performance is evaluated in terms of 
Normalized Square Root Mean Square Error (NSRMSE) [52]. The fitness function is 
computed for each chromosome of the population and crossover and mutation operators are 
applied. The crossover operator generates the son chromosome by randomly taking the genes 
values from the two parents, while mutation operation creates new individuals by randomly 
select a gene of the considered chromosome and switches it from 1 to 0 or vice-versa. The stop 
conditions include a fixed number of iterations or the achievement of a plateau for the fitness 
function.  The generic scheme of the proposed approach is depicted in figure 4. 

 

 
 
Figure 4. Genetic algorithm based approach. 

The proposed approach has been tested on a synthetic database where three different targets 
(as non-linear combinations of variables) have been adopted. Moreover random noise, with 
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gaussian distribution, has been added to each target variable in order to evaluate the 
effectiveness of the method. The obtained results demonstrate that the proposed approach 
selects all involved variables and the prediction error in terms of NSRMSE is about 4%. In 
[34] and [47] GAs are used not only for the selection of involved variables to be fed as inputs 
to the learning machine but also to optimize some important parameters of the learning 
algorithm used in a classification purpose. In particular in [34] a decision tree-based 
classifier [53] is adopted and the pruning level is optimized. Pruning [54] is used to increase 
the performance of the classifier by cutting unnecessary branches of the tree, by also 
improving the generalization capabilities of the decision tree. This approach has been tested 
on an industrial problem concerning the classification of the metal products quality on the 
basis on the product variables and process parameters. The results demonstrate the 
effectiveness of the proposed method obtaining a rate of misclassified products in the range 
4%-6%. In [47] authors propose an automatic variable selection method which combines 
genetic algorithm and Labelled Self Organized Maps (LSOM) [55] for classification purpose. 
GAs are explored in order to find the best performing combination of variables in terms of 
accuracy concerning the classifier and for setting some important  parameters of the SOM 
such as dimension of the net, topology function, distance function and others. The GA 
explores and computes the classification performance of different combinations of input 
features and Som Organized Map (SOM) parameters providing the optimal solution. The 
method has been tested on several databases belonging to the UCI repository [56]. The 
proposed approaches provide a satisfied classification accuracy given also comprehensions 
of the phenomenon under consideration by selecting the input variables which mainly affect 
the final classification. 

3.3. Embedded approach 

Unlike previous methods, embedded approach performs the variable selection in  
the learning machine. The variables are selected during the training phase, by thus  
reducing the computational cost and improving the efficiency during the phase of variables 
selection. The difference between embedded approach and wrapper approach is not always 
obvious but the main ones lies in the fact that embedded method requires iterative updates 
and the evolution of the model parameters are based on the performance of the considered 
model. Moreover wrapper approach considers only the model performance of the selected 
set of variables [57]. Figure 5 illustrates a generic scheme concerning the embedded 
approach. 

As in embedded methods the learning machine and the variable selection should be 
incorporated the structure of the considered functions plays an important role [58]. For 
instance, in [59] the importance of a variable is measured through a bound that has a logic 
sense only for SVM-based classifiers. In [60] a novel neural network model is proposed 
called Multi-Layer Perceptrons using embedded feature selection (MLPs-EFS). Being an 
embedded approach, the feature selection part is incorporated into the training procedure. 
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With respect to the traditional MLPs this approach adds a pre-processing phase where  
each variable is multiplied by a scaling factor [61-62]. When the scaling factor is small then  
the features are considered redundant or irrelevant, while when it is large the features  
are relevant. Moreover another main advantage is that all optimization algoritms used  
for the MLPs are also suitable for MLPs-EFS. The authors demonstrate the effectiveness  
of the proposed approach compared to other existing methods such us Fisher Discriminant 
Ratio (FDR) associated to MLPs or SVM with Recursive Feature Elimination (RFE).  
Results demonstrate that MLPs-EFS outperform the other considered methods. Another good 
result of this approach lies in its generality, which allows to apply it to other type of neural 
networks. 

 
 
 

 
 
Figure 5. Generic scheme of embedded approach. 

4. Conclusion 

A survey about feature extraction and feature selection is proposed. The objective of both 
approaches concern the reduction of variables space in order to improve data analysis. This 
aspect becomes more important when real world datasets are considered, which can contain 
hundreds or thousands variables. The main difference between feature extraction and 
feature selection is that the first reduces dimensionality by computing a transformation of 
the original features to create other features that should be more significant, while feature 
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selection performs the reduction by selecting a subset of variables without transforming 
them. Both traditional methods and their recent enhancements as well as some interesting 
applications concerning feature extraction and selection are presented and discussed. 
Feature selection improves the knowledge of the process under consideration, as it points 
out the variables that mostly affect the considered phenomenon. Moreover the computation 
time of the adopted learning machine and its accuracy need to be considered as they are 
crucial in machine learning and data mining applications. 
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1. Introduction 
This chapter aims to present a chemometrics as important area in chemistry to be able to 
help work with many among of data obtained in analysis. The term chemometrics was 
introduced in initial 70th years by Svant Wold (Swede) and Bruce Kowalski (USA). 
According International Chemometrics Society, founded in 1974, the accept definition to 
chemometrics is (i) the chemical discipline that uses mathematical and statistical methods to 
design or select optimal measurement procedures and experiments (ii) to provide maximum 
chemical information by analyzing chemical data [1]. When the study involving many 
variable became the study in a multivariate analysis, so it is necessary to building a typical 
matrix and is normal to do a pre-processing. Pre-processing is a procedure to adjust the 
different factors with different units in values than allow give for each factor the same 
change to contribute to the model. After, next step is usually the Pattern Recognition 
method, to find any similarity in your data. In This method is common using the 
unsupervised group where there are the HCA and PCA analysis and the supervised group 
where there is the KNN. The HCA analysis (Hierarchical Cluster Analysis) is used to 
examine the distance among the samples in two dimensional plot (dendogram) and cluster 
samples with similarity. (Figure 1). Now PCA analysis (Principal Component analysis) is 
used to try decrease the size data set, without lost information about samples (Figure 2) and 
KNN used to classify samples using cluster previously know [2]. 

 
Figure 1. Example of dendogram 

© 2012 Santos et al., licensee InTech. This is a paper distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.



 

Chapter 7 

 

 

 
 

© 2012 Santos et al., licensee InTech. This is an open access chapter distributed under the terms of the 
Creative Commons Attribution License (http://creativecommons.org/licenses/by/3.0), which permits 
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

Chemometrics: Theory and Application 

Hilton Túlio Lima dos Santos, André Maurício de Oliveira, 
Patrícia Gontijo de Melo, Wagner Freitas and Ana Paula Rodrigues de Freitas 

Additional information is available at the end of the chapter 

http://dx.doi.org/10.5772/53866 

1. Introduction 
This chapter aims to present a chemometrics as important area in chemistry to be able to 
help work with many among of data obtained in analysis. The term chemometrics was 
introduced in initial 70th years by Svant Wold (Swede) and Bruce Kowalski (USA). 
According International Chemometrics Society, founded in 1974, the accept definition to 
chemometrics is (i) the chemical discipline that uses mathematical and statistical methods to 
design or select optimal measurement procedures and experiments (ii) to provide maximum 
chemical information by analyzing chemical data [1]. When the study involving many 
variable became the study in a multivariate analysis, so it is necessary to building a typical 
matrix and is normal to do a pre-processing. Pre-processing is a procedure to adjust the 
different factors with different units in values than allow give for each factor the same 
change to contribute to the model. After, next step is usually the Pattern Recognition 
method, to find any similarity in your data. In This method is common using the 
unsupervised group where there are the HCA and PCA analysis and the supervised group 
where there is the KNN. The HCA analysis (Hierarchical Cluster Analysis) is used to 
examine the distance among the samples in two dimensional plot (dendogram) and cluster 
samples with similarity. (Figure 1). Now PCA analysis (Principal Component analysis) is 
used to try decrease the size data set, without lost information about samples (Figure 2) and 
KNN used to classify samples using cluster previously know [2]. 

 
Figure 1. Example of dendogram 

© 2012 Santos et al., licensee InTech. This is a paper distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.



 
Multivariate Analysis in Management, Engineering and the Sciences 122 

 
Figure 2. Clustering by PCA 

Thus, the chemometrics show to be wide may be used in several area of knowledge.  

2. Pattern recognition 

In analytical chemistry when we have the data set, it is important find similarities and 
differences between samples based on measurements. For this is necessary to use methods 
according with information about the samples. And can be: Unsupervised (HCA and PCA) 
and Supervised methods (KNN)  

2.1. Unsupervised methods 

In this group there are two methods: Hierarchical Cluster Analysis (HCA) and Principal 
Components Analysis (PCA), and the goal is to evaluate if there is any clustering in data set 
without using the class about samples.  

2.1.1. Hierarchical Cluster Analysis (HCA)  

The Hierarchical Cluster Analysis is a technique to evaluate the distance between de 
samples and group in a plot calling dendogram. Theses distance can be calculated utilizing 
different methods as Euclidean or Mahalanobis or Manhattan distance, for example. For the 
Euclidean distance is using the equation 1, for Mahalanobis distance is using the equation 2 
and for Manhattan distance is using equation 3: 

 Distance = 	�(X� − Y�)� + (X� +	Y�)� + ⋯+ (X� +	Y�)�	 (1) 

Where:  
Xn and Yn are the coordinates of sample X and Y in the nth dimension of row space.  

 Distance = 	�(X� − Y�)����(X� +	Y�)  (2) 

Where:  
Xi and Yj are column vectors for objects i and j, respective and C is the covariance matrix.  
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 Distance = ∑ |X� −	Y�|�
���  (3) 

Where:  
Xi and Yi are vectors. 

When performed the estimate for distance, so is possible plot the dendogram. A general 
dendogram is showing below (Figure 3). In this dendogram is possible to see the samples 
(letters) and the distances (numbers). Samples belonging to clusters A, has a distance of 0,2 
from one another. Same time the sample B has a distance 0,5 from cluster A. The value of 
distance can change according with the distance used to calculate.  

 
Figure 3. The general dendogram where above are the distances and right side are the samples  

2.1.2. Principal Components Analysis (PCA) 

The Principal Components Analysis (PCA) has the goal available the distances between the 
points using few axes in the row plot. In a matrix, each row is the point in the graphic below 
(Figure 2). So the aim is study the relationship between these samples to find the similarity 
and differences. In this general example are using two principal components (PC1 and PC2). 
The first PC (PC1) describes the major points in the graph and the maximum amount of 
variance, while the PC2 explain the remaining points. It is important to know that the sum 
of percentage described by PC´s must be close 100%. Another propriety of PC´s is about de 
position. The PC´s are always perpendiculars one with another. 

The PCA technical can be used to define which variables are more important in a process. 
For this analysis is necessary use the factors (column in the matrix) and objects (row in the 
matrix). When the aim is to determine which variable are more important for the process is 
used loading and when want studying the relationship between objects is used scores  

2.2. Supervised methods 

The Supervised methods are using when want to construct a model using the class 
membership for future samples. In this group, KNN is a technical widely used when the 
goal is this. 
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2.2.1. K- Nearrest Neighbor (K-NN)  

The KNN technical allows use the samples or clusters to identify another samples or 
clusters. For this is necessary to calculate the distances between them, using a Euclidean or 
Mahalanobis or Manhattan distance, for example. The minimum distance is calculated and 
the object is assigned to the corresponding class. A classification is dependent on the 
number of objects in each class. 

3. Chemometrics in medicinal chemistry  

3.1. The QSAR principle: Hansch analysis  

The development of new drugs is a continuous challenge, before uncountable diseases the 
lack an adequate pharmaceutical approach. The modern medicinal chemists concern 
specially with methods based upon rational and quantitative procedures, aiming to focus on 
potentially efficient candidates. In that context, the use of chemometric methods is very 
important, in quantitative structure-activity relationship (QSAR) studies, and it presupposes 
that the biological activity (BA), measured through a biological response (BR), keeps a 
relationship with chemical structure (CS): 

  BR = f CS  (4) 

The first attempt to quantitatively relate chemical structure to chemical behavior in a series 
of structuraly kindred compounds remounts to 1940´s, with Hammett [3] who, studying the 
meta- and para-substituted benzoic acids at 25°C, stablished linear relationships between 
the R = X substituted benzoic acid ionization constant (KX) and the ionization constant of 
the non-substituted benzoic acid (R = H): 
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The σ constant is group-specific, and represents the electronic effect (inductive and 
resonance type) pursuit by R group. In 1964, Corwin Hansch [4] combined the use of the 
electronic constants to the lipophylic parameter (π), which represents the contribution of 
each R group to the overall lipophylicity:  
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where PX is the X-substituted compound octanol-water partition coefficient, and PH, the 
partition coefficient for a non-substituted compound. Thus, a QSAR equation evolves some 
kind of RB, for example, the negative logarithm of the minimal inhibitory concentration 
(MIC) for am antimicrobial compounds series (-log(MIC)), and the electronic (σ) and 
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lipophylic effect (π) of the R groups, the makes distinction among the several series 
representatives, can be expressed as 

   1log logMIC = = a σ + b π+ c
MIC

 
   

 
 (7) 

where a, b and c are the multiple regression coefficients. 

The Hansch´s hypothesis that RB may be related to specific physico-chemical to each 
substituent present in the basic skeleton in a congener series of similar BA led to the 
proposition of numerous descriptors, of different kinds, useful to the identification of the 
principal effects that show up in drug action. 

3.2. Physico-chemical descriptors  

There are several physico-chemical descriptors, useful in QSAR studies that can be divided 
in categories: constitutional, topological, stereochemical and electronic ones, beside the so 
called indicator variables.  

3.2.1. Constitutional descriptors  

This kind of descriptor is related to the presence of structural characteristics that can affect 
the BA, such as: amount of unsaturated bonds, amount of hydrogen-bond donors, average 
ring size, etc.  

3.2.2. Topological descriptors  

These are descriptors that represent shape and connectivity, such as: ramifications, spacing 
groups, unsaturations, etc. The Kier [5] and Wiener [6] descriptors are typical. 

3.2.3. Steric (or stereochemical) descriptors  

Steric descriptors exist to describe effects related to the size of chemical groups and 
hindrance behavior. Taft steric descriptor, Es, [7] is a common example.  

3.2.4. Eletronic descriptors  

These variables are related to molecular electronic densities, and are used to be calculated 
by quantum methods. One can mention as examples: dipole moments, atomic partial 
charges, highest occupied molecular orbital energy (HOMO) and lowest unoccupied 
molecular orbital energy (LUMO).  

3.2.5. Indicator variable and Taylor analysis  

Indicator variables represent a useful way to convert a qualitative information into 
quantitative once, just as the occurrence of some kind of structural feature – setting 1 when 



 
Multivariate Analysis in Management, Engineering and the Sciences 124 

2.2.1. K- Nearrest Neighbor (K-NN)  

The KNN technical allows use the samples or clusters to identify another samples or 
clusters. For this is necessary to calculate the distances between them, using a Euclidean or 
Mahalanobis or Manhattan distance, for example. The minimum distance is calculated and 
the object is assigned to the corresponding class. A classification is dependent on the 
number of objects in each class. 

3. Chemometrics in medicinal chemistry  

3.1. The QSAR principle: Hansch analysis  

The development of new drugs is a continuous challenge, before uncountable diseases the 
lack an adequate pharmaceutical approach. The modern medicinal chemists concern 
specially with methods based upon rational and quantitative procedures, aiming to focus on 
potentially efficient candidates. In that context, the use of chemometric methods is very 
important, in quantitative structure-activity relationship (QSAR) studies, and it presupposes 
that the biological activity (BA), measured through a biological response (BR), keeps a 
relationship with chemical structure (CS): 

  BR = f CS  (4) 

The first attempt to quantitatively relate chemical structure to chemical behavior in a series 
of structuraly kindred compounds remounts to 1940´s, with Hammett [3] who, studying the 
meta- and para-substituted benzoic acids at 25°C, stablished linear relationships between 
the R = X substituted benzoic acid ionization constant (KX) and the ionization constant of 
the non-substituted benzoic acid (R = H): 

 
   

   

6 4 6 4/ /

log log log

+

X
X H

H

m p R C H COOH m p R C H COO + H

K
σ = = K K

K

    

 
  

 

 (5) 

The σ constant is group-specific, and represents the electronic effect (inductive and 
resonance type) pursuit by R group. In 1964, Corwin Hansch [4] combined the use of the 
electronic constants to the lipophylic parameter (π), which represents the contribution of 
each R group to the overall lipophylicity:  

    log log logX
X H

H

P
π = = P P

P
 

  
 

 (6) 

where PX is the X-substituted compound octanol-water partition coefficient, and PH, the 
partition coefficient for a non-substituted compound. Thus, a QSAR equation evolves some 
kind of RB, for example, the negative logarithm of the minimal inhibitory concentration 
(MIC) for am antimicrobial compounds series (-log(MIC)), and the electronic (σ) and 

 
Chemometrics: Theory and Application 125 

lipophylic effect (π) of the R groups, the makes distinction among the several series 
representatives, can be expressed as 

   1log logMIC = = a σ + b π+ c
MIC

 
   

 
 (7) 

where a, b and c are the multiple regression coefficients. 

The Hansch´s hypothesis that RB may be related to specific physico-chemical to each 
substituent present in the basic skeleton in a congener series of similar BA led to the 
proposition of numerous descriptors, of different kinds, useful to the identification of the 
principal effects that show up in drug action. 

3.2. Physico-chemical descriptors  

There are several physico-chemical descriptors, useful in QSAR studies that can be divided 
in categories: constitutional, topological, stereochemical and electronic ones, beside the so 
called indicator variables.  

3.2.1. Constitutional descriptors  

This kind of descriptor is related to the presence of structural characteristics that can affect 
the BA, such as: amount of unsaturated bonds, amount of hydrogen-bond donors, average 
ring size, etc.  

3.2.2. Topological descriptors  

These are descriptors that represent shape and connectivity, such as: ramifications, spacing 
groups, unsaturations, etc. The Kier [5] and Wiener [6] descriptors are typical. 

3.2.3. Steric (or stereochemical) descriptors  

Steric descriptors exist to describe effects related to the size of chemical groups and 
hindrance behavior. Taft steric descriptor, Es, [7] is a common example.  

3.2.4. Eletronic descriptors  

These variables are related to molecular electronic densities, and are used to be calculated 
by quantum methods. One can mention as examples: dipole moments, atomic partial 
charges, highest occupied molecular orbital energy (HOMO) and lowest unoccupied 
molecular orbital energy (LUMO).  

3.2.5. Indicator variable and Taylor analysis  

Indicator variables represent a useful way to convert a qualitative information into 
quantitative once, just as the occurrence of some kind of structural feature – setting 1 when 
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this feature is present, and 0 otherwise. The Taylor QSAR [8] approach employs indicator 
variables.  

3.3. Chemometric methods applied to drug design  

Chemometric statistical methods find in QSAR a large application field, considering that the 
multivariate problems are inherent to it.  

3.3.1. Discriminatory and classificatory methods  

Those methods aim the grouping and classification of compounds and variables in classes or 
categories that share resemblances, and are very interesting in pattern recognition situations 
and in dimensionality reduction of complex systems.  

3.3.2. Principal Component Analysis (PCA)  

Principal component (PCs) methods aim to combine correlated variables, projecting them in a 
new coordinate system, so that fewer variables are obtains, without any intercorrelation. The 
former coordinates are projects in a new axis system, in which the system variability is 
maximum along PC1, decreasing along the other axises (PC2, PC3...), all of the orthogonal each 
other, what allows one to deal just with the first components (usually PC1, PC2 and PC3). 
Thus, from a multi-variable universe, commonly multicolinear, one can obtain a simpler 
system with almost the same amount of information. Naming X the data matrix, with I×J 
dimension (I molecules and J descritors), a PCA generates two matrices, T e L, so that 

 TX = TL  (8) 

The matrix T is of scores, and represents the position of the compounds in a a novel 
coordinate system in which the components are its axises, and L is the loading matrix. 
Plotting the PCs instead of the original descriptors, one obtains groups governed by the 
similarities among the data. 

3.3.3. Hierarchical Cluster Analysis (HCA)  

This analysis is also useful to the classification of compounds, permitting visually 
distinguish the patterns and cluster. The plot resembling a tree, called dendogram, presents 
similar compounds at the same branches. Those branches are plotted based upon a 
similarity matrix, S, and each component of it is given by the similarity index between two 
samples k and l, Skl: 

 1.0 kl
kl

max

d
S =

d
  (9) 

In this expression, dkl is the Euclidian distance between k and l, and dmax, the maximum 
distance. Ferreira [9] describes a PCA/HCA analysis for a 25-compound series of 1,4- 
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naphtoquinones with antitumour activity. Using electronic descriptors, it was possible to 
distinguish active from inactive compounds (Figure 4). The loadings values indicate that the 
presence of high-density groups in side chain and terminal positions favours activity. The 
same profile arise from the dendogram analysis. 

 
Figure 4. PC1 versus PC2 scores plot. 

 
Figure 5. Dendogram for a naphtoquinone series 

3.4. Multivariate regression  

To construct a QSAR equation (Eq. 1), it is necessary to adopt some kind of multivariate 
fitting method in order to correlate the descriptors with the BR. The main methods are: 
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multilinear regression (MLR), principal component regression (PCR) and partial-least 
squares (PLS). 

3.4.1. Multilinear regression (MLR)  

The objective of this method is obtaining a relationship among a number of descriptors 
limited to 1/5 of the number of compounds and the BR, as an equation of the form:  

      1 1 1 2 1 2 3 1 3BR = α ±ε D +α ±ε D +α ±ε D + +ε     (10)  

in which i are the regression coefficients, Di are the descriptors, εi, the coefficients 
confidence interval and ε, the independent term. The model statistical validation is very 
important, and it requires the consistency in the Di descriptors unit, as well as in values 
magnitude (necessarily). Statistical parameter like the fitting coefficient (r), the sample 
standard deviation (s), the cross-validation coefficient (q2) and the Fischer test (F) are used in 
this task. The MLR is quite sensitive to multicollinearity: variables intercorrelated (tipically, 
com r2 > 0.6) must not be used together. This is a common problem in multi-descriptor 
system that may be dealed with other regression methods. 

3.4.2. Principal component regression (PCR)  

In order to avoid multicollinearity, it is possible to make the regression, not with the 
descriptors themselves, but with their principal components (PCs) generated in a PCA 
treatment. The main advantage of this approach is the assurance that every variable are 
independent and no n-correlated, despite it is necessary to analyze the loading matrix (L). In 
this kind of regression, the variables are defined to maximize the descriptor matrix variance, 
without force a correlation with the BR  

3.4.3. Partial least square (PLS)  

Similarly to PCR, the PCs are employed, but in this case, the BR matrix has maximum 
variability, so that each loading matrix component (L) is a good predictor for each BR matrix 
component. This is the most used regression method, and it is adequate for dealing with 3D-
QSAR problems, in which a set of compounds preciously aligned is put within a grid of 
interaction points with a molecular probe. Each point energy is a variable in the QSAR 
equation, which are by their turn corrlated with the BR to achieve a tridimensional profile of 
the critical sites that favours or disfavours the interaction with a hypothetical biological 
receptor. 

4. Design of experiments  

The exploration for new sources of energy such as biodiesel is of great importance today as 
well as their production processes. The factorial design is an important tool to reduce the 
search time, waste of reagents and hence operating costs [10]. A factorial design is 
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performed with the interest to determine the experimental variables and interactions 
between variables that have significant influence on the different responses of interest [11]. 
After selecting the significant variables, we must evaluate the experimental methodology 
and the influence of a particular variable on the yield of the reaction, a statistical 
experimental design, full factorial type, in which the independent variables are: the nature 
and concentration of catalyst temperature and the molar ratio between alcohol and oil and 
the dependent variable is the yield of esters produced. The variables that were not selected 
must be fixed throughout the experiment [12]. In a subsequent step must be chosen which 
planning used for estimating the effect (the effect) of the different variables results in a 
reduced number of conducting experiments. In the screening study the interactions between 
the variables (main interactions) and second order, usually obtained by full or fractional 
factorial designs. In the experiments are evaluated best experimental conditions, as well as 
their simultaneous effects that influence the yield of the reaction are therefore extremely 
important for understanding the behavior of the system [13]. The values of "p" and greater 
than or equal to 0.05 indicate that the factors: variable (1), variable (2), variable (3), variable 
(4) and the interactions of the variables are statistically significant at 95% reliable, since they 
are greater than 0.05. These parameters were evaluated at a low level (-1) and high (+1) are 
significant to the process of positive or negative manner. The Figure. 6 shows the profile of 
the Pareto chart [7] 

 
Figure 6. Pareto chart of the resulting fractional factorial design to evaluate the effects of each variable 
and their interactions in the reaction yield. 

The analysis parameters obtained by means of multivariate optimization consists in 
choosing the conditions for preliminary assessment of experimental variables (fractional 
factorial design) followed by a response surface methodology (central composite design) 
made from the screening of the variables that may affect the synthesis of biodiesel. 
Generated model and the set of significant effects can evaluate through the study of 
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squares (PLS). 

3.4.1. Multilinear regression (MLR)  

The objective of this method is obtaining a relationship among a number of descriptors 
limited to 1/5 of the number of compounds and the BR, as an equation of the form:  

      1 1 1 2 1 2 3 1 3BR = α ±ε D +α ±ε D +α ±ε D + +ε     (10)  

in which i are the regression coefficients, Di are the descriptors, εi, the coefficients 
confidence interval and ε, the independent term. The model statistical validation is very 
important, and it requires the consistency in the Di descriptors unit, as well as in values 
magnitude (necessarily). Statistical parameter like the fitting coefficient (r), the sample 
standard deviation (s), the cross-validation coefficient (q2) and the Fischer test (F) are used in 
this task. The MLR is quite sensitive to multicollinearity: variables intercorrelated (tipically, 
com r2 > 0.6) must not be used together. This is a common problem in multi-descriptor 
system that may be dealed with other regression methods. 

3.4.2. Principal component regression (PCR)  

In order to avoid multicollinearity, it is possible to make the regression, not with the 
descriptors themselves, but with their principal components (PCs) generated in a PCA 
treatment. The main advantage of this approach is the assurance that every variable are 
independent and no n-correlated, despite it is necessary to analyze the loading matrix (L). In 
this kind of regression, the variables are defined to maximize the descriptor matrix variance, 
without force a correlation with the BR  

3.4.3. Partial least square (PLS)  

Similarly to PCR, the PCs are employed, but in this case, the BR matrix has maximum 
variability, so that each loading matrix component (L) is a good predictor for each BR matrix 
component. This is the most used regression method, and it is adequate for dealing with 3D-
QSAR problems, in which a set of compounds preciously aligned is put within a grid of 
interaction points with a molecular probe. Each point energy is a variable in the QSAR 
equation, which are by their turn corrlated with the BR to achieve a tridimensional profile of 
the critical sites that favours or disfavours the interaction with a hypothetical biological 
receptor. 

4. Design of experiments  

The exploration for new sources of energy such as biodiesel is of great importance today as 
well as their production processes. The factorial design is an important tool to reduce the 
search time, waste of reagents and hence operating costs [10]. A factorial design is 

 
Chemometrics: Theory and Application 129 

performed with the interest to determine the experimental variables and interactions 
between variables that have significant influence on the different responses of interest [11]. 
After selecting the significant variables, we must evaluate the experimental methodology 
and the influence of a particular variable on the yield of the reaction, a statistical 
experimental design, full factorial type, in which the independent variables are: the nature 
and concentration of catalyst temperature and the molar ratio between alcohol and oil and 
the dependent variable is the yield of esters produced. The variables that were not selected 
must be fixed throughout the experiment [12]. In a subsequent step must be chosen which 
planning used for estimating the effect (the effect) of the different variables results in a 
reduced number of conducting experiments. In the screening study the interactions between 
the variables (main interactions) and second order, usually obtained by full or fractional 
factorial designs. In the experiments are evaluated best experimental conditions, as well as 
their simultaneous effects that influence the yield of the reaction are therefore extremely 
important for understanding the behavior of the system [13]. The values of "p" and greater 
than or equal to 0.05 indicate that the factors: variable (1), variable (2), variable (3), variable 
(4) and the interactions of the variables are statistically significant at 95% reliable, since they 
are greater than 0.05. These parameters were evaluated at a low level (-1) and high (+1) are 
significant to the process of positive or negative manner. The Figure. 6 shows the profile of 
the Pareto chart [7] 

 
Figure 6. Pareto chart of the resulting fractional factorial design to evaluate the effects of each variable 
and their interactions in the reaction yield. 

The analysis parameters obtained by means of multivariate optimization consists in 
choosing the conditions for preliminary assessment of experimental variables (fractional 
factorial design) followed by a response surface methodology (central composite design) 
made from the screening of the variables that may affect the synthesis of biodiesel. 
Generated model and the set of significant effects can evaluate through the study of 



 
Multivariate Analysis in Management, Engineering and the Sciences 130 

response surface methodology, as shown in Figure 7 and 8, and their interference in the 
response, ie the yield of the reaction, in which the dark area demonstrates the conditions 
that process has higher yield.  

 
Figure 7. (a) Response surface generated by the central composite design for optimization of variables 1 
and 3 

 
Figure 8. Zoom applied to the surface region of response.  

Thus, the statistical analysis shown to be an important tool to evaluate, select and propose 
new technological routes, either through raw materials and / or process evaluation of the 
parameters that most influence the transesterification reaction to obtain for biofuels.  
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5. Conclusion of chapter  

This chapter had as aim to show the versatility tools chemometrics in several areas. Was 
showed application chemometrics theory in drug design, natural products chemistry but it 
is not limited in theses area. Well, we hope to have expanded the range of chemometrics  
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1. Introduction 

Ageing and deterioration of materials are key processes within the perpetual conversion of 
organic and inorganic matter. As far as natural cycles of organic substances are concerned a 
balance between syntheses, metabolic products, degradation and recycling can be expected. 
With respect to inorganic materials, weathering is the dominant natural process of ageing. It 
comprises transformation of chemical compounds and is caused by abiotic and biotic 
factors. The formation of new mineral phases closes the loop. Anthropogenic activities 
influence the well-balanced metabolism due to the increased consumption of resources and 
the inherent accelerated turnover rate. This development is paralleled by a relevant 
environmental impact caused by increasing concentrations of metabolic products. Especially 
greenhouse gases have become a crucial topic due to their global effect and the contribution 
to climate change. The fate of carbon, a key element in the global cycle, therefore attracts 
much attention [1-4]. Carbon sequestration and minimisation of gaseous emissions such as 
CO2 and methane are promoted to decelerate the turnover. Deterioration and degradation 
are not only paralleled in many cases by the release of harmful substances but also by the 
loss of valuable resources. Prevention of negative environmental effects and careful use of 
resources therefore require a responsible management of products, substances and 
elements. Several elements such as nitrogen, phosphorus and sulphur that are released as 
different compounds during degradation of organic matter are in the focus of interest [5]. 
The ambivalence being both nutrient and pollutant has led to several techniques of resource 
recovery [6]. 

Ageing of materials or products implies changes of the original state, but it does not 
necessarily only comprise deterioration or degradation. Ageing can also mean formation of 
new substances and stabilisation. In some cases this effect is desirable. Ageing of 
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incineration ash and slag leads to carbonation [7, 8]. With respect to organic matter humic 
substances are built up resulting in a stable organic fraction with low turnover rates. These 
natural processes that come along with material ageing were adopted for technical 
applications, e.g. humification in the course of composting. 

On the one hand natural processes serve as a model for anthropogenic activities with regard 
to the closed loop of material recycling, especially in the field of organic substances [9]. On 
the other hand every endeavour is made to prevent or retard the natural ageing, 
deterioration and degradation process of materials and to maintain a constant quality of 
products by adequate measures. There are several options to achieve this objective: 
modification of biogenic materials, treatment of the surface and application of chemical 
substances against microbial deterioration and ageing by abiotic factors. Although abiotic 
factors play a relevant role for ageing and deterioration of organic materials, biological 
processes dominate. Inorganic materials are primarily affected by chemical and physical 
attacks, but some specialised microbial communities are capable of promoting the ageing 
process of inorganic components. The environmental milieu plays a crucial role as it 
determines both biological and chemical reactions. Historical and archaeological finds owe 
their preservation to conditions that prevented or delayed deterioration. 

This study reports on natural ageing and degradation processes of organic matter and 
ageing of inorganic materials over weeks, years, decades and centuries. The questions to be 
answered focus on two main aspects: the environmental impact by ageing and deterioration 
of organic and inorganic matter and the proof of resistance of organic materials against 
biological degradation which is a main concern in material sciences to maintain the quality 
of products [10-12]. Ageing and deterioration can be described by many parameters. They 
focus on chemical and physical changes of the material by which the process is paralleled. In 
some cases, especially for product control, a single parameter might be sufficient to verify 
the ageing of materials [13]. For an overall characterisation of the state of deterioration those 
analytical methods are advantageous that provide a “fingerprint” of the material. FT-IR 
spectroscopy and STA were applied to reveal material characteristics and their changes over 
time under different environmental conditions. 

FT-IR spectroscopy is based on the interaction of infrared radiation with matter. Infrared 
radiation provides the energy for molecule vibrations that become visible as absorption 
bands. The plot of wavenumbers (energy) within a defined range vs. band intensities results 
in the spectrum. Infrared spectra describe materials by the unique pattern and provide 
information on material chemistry. Band intensities depend on the concentration of the 
compound and the molar decadic absorption coefficient that is reflected in the spectrum and 
on individual properties of the functional group. Most molecules are infrared active and 
represented by diverse bands due to different types of molecule vibrations. They are 
characterised by a typical energy level and are therefore found at defined wavenumbers. 
The molecule skeleton and other functional groups influence the band position and can 
cause a band shift. Whereas pure substances show distinct bands that can be attributed to 
functional groups, complex materials feature broad and overlapping bands that are often 
not assignable. However, the material shows a “fingerprint”. The information of underlying 
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features can be extracted by multivariate data analysis. Spectroscopic methods are widely 
used due to many advantages, e.g. easy handling, robustness, complex information. 
Multivariate data analysis is an indispensable tool for data evaluation in practice. 

The thermal behaviour of any substance depends on chemical and physical properties. 
Complex materials contribute with all components to a specific thermal pattern. STA 
comprises thermogravimetry (TG) and differential scanning calorimetry (DSC). 
Additionally the released gaseous compounds are recorded in the coupled mass 
spectrometer. With TG the mass loss of the material is measured during combustion. DSC 
measurements result in a heat flow curve indicating exothermic and endothermic reactions 
of the material during combustion. The enthalpy can be calculated by integration of the area 
below the heat flow profile and a baseline. The variation of combustion parameters 
regarding temperature range, heating rate, isothermal heating and gas flow, oxidative or 
pyrolytic conditions leads to different information about the sample. In material sciences 
thermal analysis is widely used for quality control. In general, distinct temperatures are in 
the focus of interest, e.g. melting and crystallisation temperature. The application of thermal 
analysis has been extended during the last decade. TG- and DSC-profiles also lead to 
comprehensive information as spectra do. Both FT-IR spectroscopy and STA have proven to 
be adequate tools for the characterisation and quality assessment of complex materials such 
as waste and soils [14-20]. The extensive use of these methods in this field is also a merit of 
multivariate data analysis. Based on this approach much information can be extracted from 
a huge data pool generated by FT-IR spectroscopy and STA. 

2. Methods 

2.1. FT-IR spectroscopy and simultaneous thermal analysis 

FT-IR spectra of landfill samples were recorded by a Bruker Alpha® (Bruker, Germany) 
instrument in the mid infrared area (4000 cm-1 to 400 cm-1) in the attenuated total reflection 
mode (ATR). For the milled lignocellulosic materials the ATR-FT-IR spectra were collected 
by a Bruker Vertex® with a Pike MIRacle™ ATR device in the wavenumber range from 4000 
cm-1 to 600 cm-1, at 4 cm-1 resolution averaging 32 scans. The milled sample was 
homogenised and directly applied on the ATR reflection module with a diamond crystal 
providing a measuring area of approximately 4 mm² and a pressure applicator. Twenty four 
scans per spectrum were collected at a resolution of 4 cm-1 and corrected against ambient air 
as background. The average of four spectra (maximum deviation of the four spectra from 
the average spectrum < 5%) was vector normalised prior to multivariate data analysis. 
Spectra treatment and data evaluation were carried out using the OPUS software. 

Thermal analyses were carried out with a STA 409 CD Skimmer instrument (Netzsch 
GmbH) in an Al2O3 pan with the following combustion parameters: temperature range 30 – 
950 °C, heating rate 10 °C·min-1, gas flow 150 ml·min-1 (80% He and 20% O2), sample amount 
16.00 mg. The pyrolysis of wood powder was carried out at different temperatures (200, 300, 
350, and 600 °C) under oxygen-free conditions (100% He) with a heating rate of 10 °C·min-1 
and isothermal treatment for 20 min. After oxidative combustion of the pyrolysed wood 
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incineration ash and slag leads to carbonation [7, 8]. With respect to organic matter humic 
substances are built up resulting in a stable organic fraction with low turnover rates. These 
natural processes that come along with material ageing were adopted for technical 
applications, e.g. humification in the course of composting. 

On the one hand natural processes serve as a model for anthropogenic activities with regard 
to the closed loop of material recycling, especially in the field of organic substances [9]. On 
the other hand every endeavour is made to prevent or retard the natural ageing, 
deterioration and degradation process of materials and to maintain a constant quality of 
products by adequate measures. There are several options to achieve this objective: 
modification of biogenic materials, treatment of the surface and application of chemical 
substances against microbial deterioration and ageing by abiotic factors. Although abiotic 
factors play a relevant role for ageing and deterioration of organic materials, biological 
processes dominate. Inorganic materials are primarily affected by chemical and physical 
attacks, but some specialised microbial communities are capable of promoting the ageing 
process of inorganic components. The environmental milieu plays a crucial role as it 
determines both biological and chemical reactions. Historical and archaeological finds owe 
their preservation to conditions that prevented or delayed deterioration. 

This study reports on natural ageing and degradation processes of organic matter and 
ageing of inorganic materials over weeks, years, decades and centuries. The questions to be 
answered focus on two main aspects: the environmental impact by ageing and deterioration 
of organic and inorganic matter and the proof of resistance of organic materials against 
biological degradation which is a main concern in material sciences to maintain the quality 
of products [10-12]. Ageing and deterioration can be described by many parameters. They 
focus on chemical and physical changes of the material by which the process is paralleled. In 
some cases, especially for product control, a single parameter might be sufficient to verify 
the ageing of materials [13]. For an overall characterisation of the state of deterioration those 
analytical methods are advantageous that provide a “fingerprint” of the material. FT-IR 
spectroscopy and STA were applied to reveal material characteristics and their changes over 
time under different environmental conditions. 

FT-IR spectroscopy is based on the interaction of infrared radiation with matter. Infrared 
radiation provides the energy for molecule vibrations that become visible as absorption 
bands. The plot of wavenumbers (energy) within a defined range vs. band intensities results 
in the spectrum. Infrared spectra describe materials by the unique pattern and provide 
information on material chemistry. Band intensities depend on the concentration of the 
compound and the molar decadic absorption coefficient that is reflected in the spectrum and 
on individual properties of the functional group. Most molecules are infrared active and 
represented by diverse bands due to different types of molecule vibrations. They are 
characterised by a typical energy level and are therefore found at defined wavenumbers. 
The molecule skeleton and other functional groups influence the band position and can 
cause a band shift. Whereas pure substances show distinct bands that can be attributed to 
functional groups, complex materials feature broad and overlapping bands that are often 
not assignable. However, the material shows a “fingerprint”. The information of underlying 
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features can be extracted by multivariate data analysis. Spectroscopic methods are widely 
used due to many advantages, e.g. easy handling, robustness, complex information. 
Multivariate data analysis is an indispensable tool for data evaluation in practice. 

The thermal behaviour of any substance depends on chemical and physical properties. 
Complex materials contribute with all components to a specific thermal pattern. STA 
comprises thermogravimetry (TG) and differential scanning calorimetry (DSC). 
Additionally the released gaseous compounds are recorded in the coupled mass 
spectrometer. With TG the mass loss of the material is measured during combustion. DSC 
measurements result in a heat flow curve indicating exothermic and endothermic reactions 
of the material during combustion. The enthalpy can be calculated by integration of the area 
below the heat flow profile and a baseline. The variation of combustion parameters 
regarding temperature range, heating rate, isothermal heating and gas flow, oxidative or 
pyrolytic conditions leads to different information about the sample. In material sciences 
thermal analysis is widely used for quality control. In general, distinct temperatures are in 
the focus of interest, e.g. melting and crystallisation temperature. The application of thermal 
analysis has been extended during the last decade. TG- and DSC-profiles also lead to 
comprehensive information as spectra do. Both FT-IR spectroscopy and STA have proven to 
be adequate tools for the characterisation and quality assessment of complex materials such 
as waste and soils [14-20]. The extensive use of these methods in this field is also a merit of 
multivariate data analysis. Based on this approach much information can be extracted from 
a huge data pool generated by FT-IR spectroscopy and STA. 

2. Methods 

2.1. FT-IR spectroscopy and simultaneous thermal analysis 

FT-IR spectra of landfill samples were recorded by a Bruker Alpha® (Bruker, Germany) 
instrument in the mid infrared area (4000 cm-1 to 400 cm-1) in the attenuated total reflection 
mode (ATR). For the milled lignocellulosic materials the ATR-FT-IR spectra were collected 
by a Bruker Vertex® with a Pike MIRacle™ ATR device in the wavenumber range from 4000 
cm-1 to 600 cm-1, at 4 cm-1 resolution averaging 32 scans. The milled sample was 
homogenised and directly applied on the ATR reflection module with a diamond crystal 
providing a measuring area of approximately 4 mm² and a pressure applicator. Twenty four 
scans per spectrum were collected at a resolution of 4 cm-1 and corrected against ambient air 
as background. The average of four spectra (maximum deviation of the four spectra from 
the average spectrum < 5%) was vector normalised prior to multivariate data analysis. 
Spectra treatment and data evaluation were carried out using the OPUS software. 

Thermal analyses were carried out with a STA 409 CD Skimmer instrument (Netzsch 
GmbH) in an Al2O3 pan with the following combustion parameters: temperature range 30 – 
950 °C, heating rate 10 °C·min-1, gas flow 150 ml·min-1 (80% He and 20% O2), sample amount 
16.00 mg. The pyrolysis of wood powder was carried out at different temperatures (200, 300, 
350, and 600 °C) under oxygen-free conditions (100% He) with a heating rate of 10 °C·min-1 
and isothermal treatment for 20 min. After oxidative combustion of the pyrolysed wood 
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powder the enthalpy was calculated by integration of the area below the heat flow curve 
and a horizontal baseline from 30 to 650 °C, starting at 30 °C. 

For data evaluation the heat flow profiles and the temperature resolved curve of the CO2 ion 
current extracted from the mass spectrum were used. For data evaluation the integrated 
software PROTEUS was used. 

The sample sets that were subjected to multivariate data analysis are mentioned in the text. 
Depending on the material and the question to be answered different multivariate 
evaluation methods were applied using The Unscrambler® 9.2 and 10.0 respectively 
(Camo®). 

2.2. Multivariate data analysis 

A large number of multivariate data analysis techniques are available. Depending on the 
questions to be answered the adequate method is applied. The methods presented here 
either belong to the group of “pattern recognition” or to the group of “multivariate 
calibration methods”. The group of “pattern recognition” comprises exploratory data 
evaluation such as principal component analysis (PCA) and classification methods (SIMCA). 
The PCA visualises the inherent data structure in the scores matrix and thus reveals hidden 
phenomena. The influence of variables on the data structure is illustrated by the loadings 
plot. Classification aims at separation of groups of data. It is a prerequisite for classification 
that class characteristics have to be known prior to analysis. Therefore classification is called 
a “supervised method” compared to a non-supervised method by which groups of data are 
distinguished after the data analysis without previous knowledge. From supervised 
methods  a model can be derived in order to discriminate between the groups [21]. Thus 
classification is a predictive method based on category variables, e.g. material types, age, 
degree of degradation. A library of spectra or thermograms provides the opportunity of 
data evaluation according to different aspects that are expressed by category variables and 
allows a multiple evaluation of spectra and thermograms. Soft independent modelling of 
class analogy (SIMCA) is a classification procedure based on PCA class modelling. ‘‘Soft 
modelling’’ that is often used in chemical pattern recognition means that two classes can 
overlap. Thus it is possible that samples have characteristics of both defined classes, or of 
neither of the defined classes. Samples are assigned to a defined class if they show similar 
characteristics. Similarity in this context means a particular class pattern. This approach 
allows the samples to have their individual properties besides common features of the class 
that are the decisive factor for the membership. In order to find out to which degree the class 
models really differ, the model (class) distance is determined by fitting members from two 
defined classes to their own model as well as to the other model. It is calculated on the basis 
of pooled residual standard deviations. The distance from a model to itself is 1. According to 
Esbensen [21] distances of more than 3 indicate a significant segregation between the 
defined classes. The results obtained can be visualised by the Coomans plot. The crossing 
horizontal and vertical lines that divide the area into four quadrants indicate the 
significance level. In two quadrants the defined classes are located. If samples feature 
properties of both classes they are assigned to the overlapping quadrant (“both”). New 
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samples outside the limits do not belong to the model. They are located in the quadrant 
“neither - nor”. The 5% significance level means that 95% of the samples in the 
corresponding quadrants truly belong to the defined classes. New samples in these 
quadrants are therefore identified as members of the classes. 

Partial Least Squares-Discriminant Analysis (PLS-DA) is based on PLS regression to model 
the differences between classes. For the separation of two classes the PLS algorithm is used 
with the dummy variable (e.g. -1/+1) to distinguish the two defined groups. 

Methods of the “calibration” group allow models to be developed for parameter prediction 
if the parameter is adequately reflected by the collected data, in this study by the spectral 
and thermal patterns. Contrary to classification models by which class assignment according 
to defined properties is performed, the prediction model provides distinct values of the 
parameter in question. Prediction models focus on the determination of dependent Y-
variables for new samples that were characterised by independent X-variables. Based on an 
established validated X-Y model the Y-variable can be derived from X-variables. Due to this 
relationship only X-measurements are necessary. This procedure can be advantageous if 
expensive and time-consuming methods for the determination of Y-variables are replaced 
by superior methods. 

3. Application of multivariate data analysis 

3.1. Deterioration of organic matter in dumps and landfills 

Degradation of organic matter is a natural necessary process in the environment. On the one 
hand degradability is an inherent property of materials that depends on both chemistry and 
structure and on the other hand it is mainly influenced by environmental conditions that 
determine the velocity of this process. The balance between synthesis, transformation and 
degradation is a criterion of sustainability. Organic matter in mixed waste consists of native 
biomolecules, modified biomolecules or organic substances that are exclusively based on 
chemical syntheses. Modification means chemical and physical diversification. Modification 
of biomolecules, e.g. wood or cellulose is necessary to enhance the stability against microbial 
attacks. For biological degradation chemical or physical modification represents a barrier to 
some degree. Wood modification for instance such as acetylation and thermal treatment can 
increase the lifetime of a product, but pose a problem for degradation [22-24]. Microbial 
degradation of synthetics hardly takes place. Ageing by oxygen and UV exposure in the 
forefront can contribute to a certain bioavailability of molecule moieties. Due to the 
heterogeneity of materials and conditions in old landfills and dumps the turnover and the 
emissions are hardly predictable. This fact and the long aftercare phase led to the European 
“multi-barrier” concept that provides the pre-treatment of municipal solid waste prior to 
landfilling. This procedure ensures extensive degradation within a limited period of time 
under controlled aerobic conditions. Nevertheless, landfill sites from the past are still a 
current topic. Investigations of the solid waste focus on the assessment of the current stage, 
and the potential of future emissions can consequently be derived. Ageing of the landfill 
also comprises the attenuation of hazardous substances in the leachate that are released due 
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powder the enthalpy was calculated by integration of the area below the heat flow curve 
and a horizontal baseline from 30 to 650 °C, starting at 30 °C. 

For data evaluation the heat flow profiles and the temperature resolved curve of the CO2 ion 
current extracted from the mass spectrum were used. For data evaluation the integrated 
software PROTEUS was used. 

The sample sets that were subjected to multivariate data analysis are mentioned in the text. 
Depending on the material and the question to be answered different multivariate 
evaluation methods were applied using The Unscrambler® 9.2 and 10.0 respectively 
(Camo®). 

2.2. Multivariate data analysis 

A large number of multivariate data analysis techniques are available. Depending on the 
questions to be answered the adequate method is applied. The methods presented here 
either belong to the group of “pattern recognition” or to the group of “multivariate 
calibration methods”. The group of “pattern recognition” comprises exploratory data 
evaluation such as principal component analysis (PCA) and classification methods (SIMCA). 
The PCA visualises the inherent data structure in the scores matrix and thus reveals hidden 
phenomena. The influence of variables on the data structure is illustrated by the loadings 
plot. Classification aims at separation of groups of data. It is a prerequisite for classification 
that class characteristics have to be known prior to analysis. Therefore classification is called 
a “supervised method” compared to a non-supervised method by which groups of data are 
distinguished after the data analysis without previous knowledge. From supervised 
methods  a model can be derived in order to discriminate between the groups [21]. Thus 
classification is a predictive method based on category variables, e.g. material types, age, 
degree of degradation. A library of spectra or thermograms provides the opportunity of 
data evaluation according to different aspects that are expressed by category variables and 
allows a multiple evaluation of spectra and thermograms. Soft independent modelling of 
class analogy (SIMCA) is a classification procedure based on PCA class modelling. ‘‘Soft 
modelling’’ that is often used in chemical pattern recognition means that two classes can 
overlap. Thus it is possible that samples have characteristics of both defined classes, or of 
neither of the defined classes. Samples are assigned to a defined class if they show similar 
characteristics. Similarity in this context means a particular class pattern. This approach 
allows the samples to have their individual properties besides common features of the class 
that are the decisive factor for the membership. In order to find out to which degree the class 
models really differ, the model (class) distance is determined by fitting members from two 
defined classes to their own model as well as to the other model. It is calculated on the basis 
of pooled residual standard deviations. The distance from a model to itself is 1. According to 
Esbensen [21] distances of more than 3 indicate a significant segregation between the 
defined classes. The results obtained can be visualised by the Coomans plot. The crossing 
horizontal and vertical lines that divide the area into four quadrants indicate the 
significance level. In two quadrants the defined classes are located. If samples feature 
properties of both classes they are assigned to the overlapping quadrant (“both”). New 
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samples outside the limits do not belong to the model. They are located in the quadrant 
“neither - nor”. The 5% significance level means that 95% of the samples in the 
corresponding quadrants truly belong to the defined classes. New samples in these 
quadrants are therefore identified as members of the classes. 

Partial Least Squares-Discriminant Analysis (PLS-DA) is based on PLS regression to model 
the differences between classes. For the separation of two classes the PLS algorithm is used 
with the dummy variable (e.g. -1/+1) to distinguish the two defined groups. 

Methods of the “calibration” group allow models to be developed for parameter prediction 
if the parameter is adequately reflected by the collected data, in this study by the spectral 
and thermal patterns. Contrary to classification models by which class assignment according 
to defined properties is performed, the prediction model provides distinct values of the 
parameter in question. Prediction models focus on the determination of dependent Y-
variables for new samples that were characterised by independent X-variables. Based on an 
established validated X-Y model the Y-variable can be derived from X-variables. Due to this 
relationship only X-measurements are necessary. This procedure can be advantageous if 
expensive and time-consuming methods for the determination of Y-variables are replaced 
by superior methods. 

3. Application of multivariate data analysis 

3.1. Deterioration of organic matter in dumps and landfills 

Degradation of organic matter is a natural necessary process in the environment. On the one 
hand degradability is an inherent property of materials that depends on both chemistry and 
structure and on the other hand it is mainly influenced by environmental conditions that 
determine the velocity of this process. The balance between synthesis, transformation and 
degradation is a criterion of sustainability. Organic matter in mixed waste consists of native 
biomolecules, modified biomolecules or organic substances that are exclusively based on 
chemical syntheses. Modification means chemical and physical diversification. Modification 
of biomolecules, e.g. wood or cellulose is necessary to enhance the stability against microbial 
attacks. For biological degradation chemical or physical modification represents a barrier to 
some degree. Wood modification for instance such as acetylation and thermal treatment can 
increase the lifetime of a product, but pose a problem for degradation [22-24]. Microbial 
degradation of synthetics hardly takes place. Ageing by oxygen and UV exposure in the 
forefront can contribute to a certain bioavailability of molecule moieties. Due to the 
heterogeneity of materials and conditions in old landfills and dumps the turnover and the 
emissions are hardly predictable. This fact and the long aftercare phase led to the European 
“multi-barrier” concept that provides the pre-treatment of municipal solid waste prior to 
landfilling. This procedure ensures extensive degradation within a limited period of time 
under controlled aerobic conditions. Nevertheless, landfill sites from the past are still a 
current topic. Investigations of the solid waste focus on the assessment of the current stage, 
and the potential of future emissions can consequently be derived. Ageing of the landfill 
also comprises the attenuation of hazardous substances in the leachate that are released due 
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to degradation of organic matter via the liquid path. The duration of the emission process is 
mainly influenced by sorption and desorption processes of the landfill. Degradation has 
taken place in the past, but due to manifold interactions with the mineral matrix the release 
of mineralisation products is delayed and requires monitoring over a long period of time 
[25]. 

Within the scope of a landfill risk assessment regarding the remaining emission potential 
characterisation of an old landfill (AL) was carried out using FT-IR spectroscopy and 
thermal analyses besides bio-indication by vegetation, biological tests and conventional 
parameters. The objective of these investigations was to decide on additional measures for 
landfill restoration, e.g. in situ aeration, if natural attenuation had been insufficient. The 
landfill originated from the 1970s and 1980s. For the risk assessment 70 old landfill (AL) 
samples were classified. Additionally 15 samples from a reactor landfill, where municipal 
solid waste was deposited without pre-treatment until 2007, were integrated in the research 
programme for comparison and were classified as well. The SIMCA models [21] comprised 
110 samples originating from different old landfills (“LF”) with very low gas forming 
potential and 190 mechanically-biologically treated (“MBT”) waste samples representing all 
stages of degradation and diverse reactivity. Besides samples from the old landfill (AL) to be 
assessed, 130 landfill samples (115 samples from old landfills + 15 reactor landfill samples) 
with low, middle and high gas forming potential were used for the total organic carbon 
(TOC) prediction model by means of PLS-R. Table 1 compiles the sample set used for 
SIMCA (section 3.1.1) and PLS-R (section 3.1.2). 
 

Sample origin Sample number (SIMCA) Sample number (PLS-R) 
Old landfill (AL) 70 70 
Old landfills (LF) 110 115 
Reactor landfill 15 15 
MBT 190 - 

Table 1. Origin and number of samples used for SIMCA and PLS-R 

3.1.1. The degree of degradation - Assessment by classification 

The degree of organic matter degradation is a key parameter for the verification of efficient 
waste pre-treatment and safe disposal. With respect to the assessment of old deposits it 
decides on additional measures for landfill sanitation, e.g. in situ aeration. Gaseous 
emissions such as methane and nitrous oxide should be minimised due to their contribution 
to global warming. The microbial activity and the gas forming potential of the solid waste 
are usually determined on the basis of time-consuming biological tests. Both FT-IR 
spectroscopy and STA are useful alternative methods. Different approaches are possible to 
evaluate spectral and thermal data to reveal the emission potential: prediction of reactivity 
parameters based on infrared spectra and PLS-R or classification (SIMCA) of unreactive and 
reactive samples according to their spectral pattern. Prediction of the required parameters 
“respiration activity” and “gas generation potential” by FT-IR spectroscopy replaces time-
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consuming and expensive parameters if a model is available. This approach was realised for 
mechanically-biologically treated municipal solid waste and composts [26, 27]. For old 
landfill materials prediction did not lead to reliable results because chemical (spectral) 
characteristics do not adequately reflect the biological behaviour at low reactivity levels [4]. 
Mineral components affect the biological behaviour although biodegradable substances are 
still present and visible in the spectrum. Moreover, the biological tests are error-prone at 
low values. It should also be emphasised that the C-H vibrations of the aliphatic methylene 
group that are an essential indicator of decomposing biomolecules in fresh waste materials 
are rather assigned to plastics in old landfill materials which was confirmed by thermal 
analysis [4]. Due to these reasons classification by SIMCA was applied. It was based on mid-
infrared spectra over the whole wavenumber range from 4000 cm-1 to 400 cm-1. As 
mentioned above SIMCA does not lead to parameter values as PLS-R does, but provides 
information on specific properties of interest via classification. For the comparison with 
distinct limit values of the Landfill Ordinance [28] this might be a difficulty. However, the 
basis for the category variable can be distinct parameter values as illustrated in the 
following example. Two classes were defined: old landfills (“LF”) with the reactivity level 
clearly below the limit values of the Austrian Landfill Ordinance [28] and biologically 
treated waste (“MBT”) comprising all stages of degradation after mechanical pre-treatment. 
The limit values are defined for respiration activity to be 7 mg O2 per gram dry matter over 
a 4-day-period and 20 NL (NL = norm litre) gas per kg dry matter over a 21-day-period. 
Samples used for the “LF” class cover a wide range of unreactive materials from different 
Austrian and German old landfills. Samples used for the “MBT” class originated from the 
sixteen Austrian treatment plants. Each class was modelled by a separate PCA. By means of 
SIMCA landfill (AL) and reactor landfill samples were classified. For the class “LF” very low 
reactivity is the common class property. The class “MBT” represents different degradation  

 
Figure 1. Classification of old landfill (AL) spectra (black circles) and reactor landfill spectra (black 
triangles) by means of the SIMCA model visualised by the Coomans plot; grey dots = “LF” class, black 
dots = “MBT” class 
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to degradation of organic matter via the liquid path. The duration of the emission process is 
mainly influenced by sorption and desorption processes of the landfill. Degradation has 
taken place in the past, but due to manifold interactions with the mineral matrix the release 
of mineralisation products is delayed and requires monitoring over a long period of time 
[25]. 

Within the scope of a landfill risk assessment regarding the remaining emission potential 
characterisation of an old landfill (AL) was carried out using FT-IR spectroscopy and 
thermal analyses besides bio-indication by vegetation, biological tests and conventional 
parameters. The objective of these investigations was to decide on additional measures for 
landfill restoration, e.g. in situ aeration, if natural attenuation had been insufficient. The 
landfill originated from the 1970s and 1980s. For the risk assessment 70 old landfill (AL) 
samples were classified. Additionally 15 samples from a reactor landfill, where municipal 
solid waste was deposited without pre-treatment until 2007, were integrated in the research 
programme for comparison and were classified as well. The SIMCA models [21] comprised 
110 samples originating from different old landfills (“LF”) with very low gas forming 
potential and 190 mechanically-biologically treated (“MBT”) waste samples representing all 
stages of degradation and diverse reactivity. Besides samples from the old landfill (AL) to be 
assessed, 130 landfill samples (115 samples from old landfills + 15 reactor landfill samples) 
with low, middle and high gas forming potential were used for the total organic carbon 
(TOC) prediction model by means of PLS-R. Table 1 compiles the sample set used for 
SIMCA (section 3.1.1) and PLS-R (section 3.1.2). 
 

Sample origin Sample number (SIMCA) Sample number (PLS-R) 
Old landfill (AL) 70 70 
Old landfills (LF) 110 115 
Reactor landfill 15 15 
MBT 190 - 

Table 1. Origin and number of samples used for SIMCA and PLS-R 

3.1.1. The degree of degradation - Assessment by classification 

The degree of organic matter degradation is a key parameter for the verification of efficient 
waste pre-treatment and safe disposal. With respect to the assessment of old deposits it 
decides on additional measures for landfill sanitation, e.g. in situ aeration. Gaseous 
emissions such as methane and nitrous oxide should be minimised due to their contribution 
to global warming. The microbial activity and the gas forming potential of the solid waste 
are usually determined on the basis of time-consuming biological tests. Both FT-IR 
spectroscopy and STA are useful alternative methods. Different approaches are possible to 
evaluate spectral and thermal data to reveal the emission potential: prediction of reactivity 
parameters based on infrared spectra and PLS-R or classification (SIMCA) of unreactive and 
reactive samples according to their spectral pattern. Prediction of the required parameters 
“respiration activity” and “gas generation potential” by FT-IR spectroscopy replaces time-
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consuming and expensive parameters if a model is available. This approach was realised for 
mechanically-biologically treated municipal solid waste and composts [26, 27]. For old 
landfill materials prediction did not lead to reliable results because chemical (spectral) 
characteristics do not adequately reflect the biological behaviour at low reactivity levels [4]. 
Mineral components affect the biological behaviour although biodegradable substances are 
still present and visible in the spectrum. Moreover, the biological tests are error-prone at 
low values. It should also be emphasised that the C-H vibrations of the aliphatic methylene 
group that are an essential indicator of decomposing biomolecules in fresh waste materials 
are rather assigned to plastics in old landfill materials which was confirmed by thermal 
analysis [4]. Due to these reasons classification by SIMCA was applied. It was based on mid-
infrared spectra over the whole wavenumber range from 4000 cm-1 to 400 cm-1. As 
mentioned above SIMCA does not lead to parameter values as PLS-R does, but provides 
information on specific properties of interest via classification. For the comparison with 
distinct limit values of the Landfill Ordinance [28] this might be a difficulty. However, the 
basis for the category variable can be distinct parameter values as illustrated in the 
following example. Two classes were defined: old landfills (“LF”) with the reactivity level 
clearly below the limit values of the Austrian Landfill Ordinance [28] and biologically 
treated waste (“MBT”) comprising all stages of degradation after mechanical pre-treatment. 
The limit values are defined for respiration activity to be 7 mg O2 per gram dry matter over 
a 4-day-period and 20 NL (NL = norm litre) gas per kg dry matter over a 21-day-period. 
Samples used for the “LF” class cover a wide range of unreactive materials from different 
Austrian and German old landfills. Samples used for the “MBT” class originated from the 
sixteen Austrian treatment plants. Each class was modelled by a separate PCA. By means of 
SIMCA landfill (AL) and reactor landfill samples were classified. For the class “LF” very low 
reactivity is the common class property. The class “MBT” represents different degradation  

 
Figure 1. Classification of old landfill (AL) spectra (black circles) and reactor landfill spectra (black 
triangles) by means of the SIMCA model visualised by the Coomans plot; grey dots = “LF” class, black 
dots = “MBT” class 
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stages of municipal solid waste after the mechanical pre-treatment. The model distance was 
determined to be 42, which indicates a significant segregation between the class “LF” and 
the class “MBT”. The results obtained were visualised by the Coomans plot (Figure 1). The 
assigned landfill (AL) samples (black circles) were identified as members of the “LF” class 
(grey dots). The chosen significance level of 5% indicates that 95% truly belong to unreactive 
landfills. The classification result of the investigated landfill samples reveals that ageing and 
degradation has taken place to a large degree and no risk is expected regarding the emission 
potential which is in accordance to the reactivity parameters that were determined for 
control. By contrast, the younger reactor landfill (black triangles) where degradation had 
progressed less, showed several reactive samples that are located in the quadrant “neither – 
nor” as they do not comply with the stability criteria that specify the “LF” class nor with 
characteristics of the MBT” class. 

The question why reactive samples are not assigned to the “MBT” class that covers all stages 
of degradation can be answered by the different composition and different metabolic 
products under aerobic and anaerobic conditions. The different composition mainly results 
from resource recovery and mechanical pre-treatment. 

3.1.2. The degree of degradation - assessment by parameter prediction 

The compliance with the limit values according to the Austrian Landfill Ordinance [28] is a 
prerequisite for landfilling of waste materials in Austria. The TOC is a key criterion for the 
assessment of organic matter as it is the source of potential emissions. Due to degradation of 
organic matter the TOC content decreases continuously to a low level. The remaining 
organic carbon can be assigned to recalcitrant components such as wood, waxes, cork, 
natural rubber, chitin, humified matter, modified biomolecules and synthetics. A low value 
therefore indicates extensive degradation of biodegradable substances. Apart from the 
special regulation for biologically treated municipal solid waste a limit value of 5% for the 
TOC was stipulated by the Austrian Landfill Ordinance [28]. Within the scope of the risk 
assessment of the old landfill (AL) the TOC contents of the 70 samples were determined 
together with different landfill materials (Table 1) using the carbon-nitrogen-sulphur (CNS) 
analyser. The thermal behaviour is strongly related to material composition and reflects 
physical and chemical properties. Biodegradation leads to substantial changes of material 
properties that can be revealed by thermal analysis. The content of organic carbon mainly 
influences the thermal behaviour. Therefore it can be expected that the TOC is adequately 
reflected by the thermal pattern of the material. Among different combustion parameters the 
heat flow profile, resulting from differential scanning calorimetry (DSC), was selected for 
the TOC prediction model by means of PLS-R. The TOC is the Y-variable being in demand 
and DSC data represent the X-variable. Figure 2A displays the heat flow profiles of two old 
landfill (AL) samples (A and B). Sample A contains a high portion of plastics that are 
revealed by sharp and distinct exothermic peaks in the heat flow profile. Figure 2B 
demonstrates the correlation between the predicted and the measured TOC values. Four 
PLS components were used to calculate the model.  
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Figure 2. A-B: Heat flow profiles of two old landfill (AL) samples A and B (A); Correlation between the 
predicted and the measured TOC contents (B) based on heat flow profiles of old landfill samples (grey 
dots), old landfill (AL) samples (black circles), reactor landfill samples (black triangles) and PLS-R (n = 
200, R2 = 0.93, RMSECV = 1.95%); DM = dry matter 

The root mean square error of cross validation (RMSECV) was found to be 1.95% and the 
coefficient of determination (R2) 0.93. Despite the low reactivity the TOC values of the old 
landfill (AL) are relatively high and in the range of the reactor landfill. The TOC is a main 
parameter in the Austrian Landfill Ordinance [28] to describe the organic matter content. 
Landfilling criteria for all landfill types regarding organic matter contents are stipulated by 
the limit value of the TOC content. Only mechanically-biologically treated municipal solid 
waste of which landfilling criteria are defined by biological tests is an exception. The sum 
parameter does not differentiate organic substances that can considerably differ in the 
biological behaviour. This fact confirms the limited significance of the sum parameter, 
especially for the evaluation of old deposits where the high TOC is mainly caused by 
plastics and textiles that hardly contribute to emissions under anaerobic conditions. 

3.2. Carbonation – ageing of incineration bottom ash deposits 

Carbonates are relevant components in Austrian municipal solid waste (MSW). In the past 
construction waste was landfilled together with municipal solid waste which is still 
recognised by the high portion of carbonates in old deposits. The separation of construction 
waste has become a legal request in order to meet the target of material recycling, to 
improve the biological treatment of municipal solid waste and to comply with the limit 
values of the demolition waste landfill. Nevertheless, carbonates are always part of 
municipal solid waste. Residues of construction materials are the main source of carbonates. 
During waste combustion carbonate decay takes place at temperatures above 650 °C which 
is paralleled by CO2 release and the formation of the corresponding oxides, e.g. CaO. The 
uptake of water leads to hydroxides and high pH-values between 12 and 13 of MSW 
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incineration bottom ash. During the natural ageing process of the deposited material CO2 

from air causes the inverse reaction in that carbonates are built up again. The velocity of the 
process in the environment depends on available surfaces where carbonation takes place. It 
can be accelerated by the increase of the surface and artificial CO2 supply. Carbonation 
causes the pH-value to decrease which leads to the stabilisation of the system and 
immobilisation of heavy metals [29, 30]. 

Fresh incineration bottom ash was compared to ashes aged under laboratory conditions. 
Laboratory conditions mean that the material is crushed < 20 mm and CO2 is continuously 
supplied until saturation is reached and no additional CO2 is adsorbed. Thermal analysis is an 
appropriate method for carbonate determination [31]. It was applied in combination with PLS-
DA to find out whether artificially aged bottom ash could be clearly distinguished from fresh 
bottom ash. Additionally several samples of naturally aged incineration bottom ash that had 
been stored in a pile over decades and partially exposed to air were included to reveal the 
progress of carbonation under environmental conditions. The content of carbonates is reflected 
by both the mass loss (thermogravimetry) due to CO2 release and by the peak intensity of the 
heat flow profile caused by the endothermic reaction of the carbonate decay above 650 °C. 
Moreover, the CO2 ion current was recorded by the coupled mass spectrometer. It is evident 
(Figure 3A, curve A) that carbonates are also found in fresh bottom ash as the carbonation 
reaction starts immediately after contact of fresh bottom ash with air. Curve B displays a peak 
at around 450 °C. As the material does not contain organic compounds (TOC below the limit 
of determination) it can be assumed that CO2 is adsorbed to a certain degree and is removed 
within this temperature range. The temperature resolved CO2 ion current curves (Figure 3A) 
were used for data evaluation and subjected to PLS-DA. The dummy variable (-1) was 
assigned to fresh incineration bottom ash, the dummy variable (+1) to bottom ash with 
advanced carbonation. Figure 3B displays the result of the PLS-DA.  

 
Figure 3. A-B: Temperature resolved CO2 ion current (A) of fresh (black line A) and aged (grey line B) 
bottom ash; Discriminant analysis (PLS-DA) of the temperature resolved CO2 ion current (B) of fresh 
(black dots) and aged bottom ash (artificial CO2 supply = grey dots, natural ageing = black circles) 
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Despite the long lasting storage of incineration bottom ash in the environment carbonation 
was less efficient (black circles) and the discrimination from fresh ash is not as distinct 
which can be due to greater particle sizes and inhibited CO2 supply in the pile. Minor 
carbonate contents are not the reason as more construction waste was usually deposited 
with municipal solid waste several decades ago. 

3.3. Compost application on soils – Degradation and enrichment of organic matter 

The loss of organic carbon in agricultural soils is caused by several factors. It is mainly 
influenced by tillage and application of mineral fertilisers. Climate change and increasing 
temperatures might support this development. The supply of organic matter is an 
indispensable measure to maintain relevant soil functions such as water and nutrient 
holding capacity and aggregate stability. Composting is one option to stabilise organic 
materials, especially by humification which corresponds to the natural process in soils. 
Although there are many questions to be answered how humification of composts can be 
improved, this procedure is a relevant contribution to carbon sequestration despite the 
benefits for soils. Composting is a process of degradation and stabilisation at once. Ageing 
does not only result in deterioration, but also in stable organic matter synthesis as it is the 
case for humic substances with a very low turnover rate. Depending on the input material 
the ageing process takes place in different ways. Some mixtures of organic materials are 
rather mineralised and deterioration dominates. A well-balanced mixture of organic 
residues containing a variety of biogenic materials with different biodegradability provides 
favourable conditions for humification and higher contents of humic substances are 
obtained. FT-IR spectra of different biogenic materials were recorded. They include several 
stages of decomposition and stabilisation from fresh to composted materials. The PCA result 
in Figure 4 shows the grouping of different biogenic materials. Group A (grey triangles = 
sewage sludge compost) comprises sewage sludge, paper sludge and bulk materials, group 
B (grey and black dots = biowaste composts from two composting plants) contains garden 
waste, kitchen waste and bulk materials. In order to track the humification process the 
relevant wavenumber regions (1745-1685 cm-1 and 1610-1567 cm-1) according to Meissl et al. 
[27], where humic acids are reflected were selected for the PCA. The calculation was 
performed with four principal components (PC). The first PC explains 94% of the variance 
and the second PC 3%. Marginal humification took place in the sewage sludge mixture 
during composting [32]. Group B featured a relevant increase of humic acids to 40% of 
organic dry matter, as confirmed by chemical analyses. 

Humic substances in composts are young compared to soil humic substances. It can be 
hypothesised that the process of ageing which includes further degradation, mineralisation 
and additional stabilisation of compost organic matter is continued after compost 
application to soils and influenced by many factors [33]. Several long-term experiments 
provide information on how soil parameters change and develop by fertiliser application 
and amelioration measures [34, 35]. Plaggen soils represent an example of anthropogenic 
soils generated by compost application over centuries which resulted in higher organic 
matter contents compared to the surrounding poor soils [36, 37]. The higher organic matter  
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Figure 4. Scores plot of the PCA of hardly (A = grey triangles, sewage sludge compost) and well (B = 
grey and black dots, biowaste composts ) humified composts based on the infrared spectral regions 
1745-1685 cm-1 and 1610-1567 cm-1 

content is a typical feature of this soil type although it has considerably decreased if the 
level of the original compost serves as a rating scale. According to climate conditions the 
organic matter content develops towards the corresponding equilibrium over long periods 
of time. The interactions of compost organic matter with soil organic matter and mineral 
components under specific climatic conditions are hardly investigated, especially the 
influence of compost quality on dynamics of biodegradation [32]. Quality in this context 
focuses on the degree of organic matter stabilisation. Long-term monitoring systems will be 
necessary in the future to collect a comprehensive data set for statistical evaluation to find 
out which compost can efficiently compensate for organic matter losses. The multivariate 
approach enables identifying different factors that influence the ageing process, e.g. soil 
type, mineral matrix, degree of compost humification and climate. 

A long-term project was started in 2010 to find out the development of organic matter 
contents in agricultural soils by application of well humified compost. The data represent 
the first two years of the long-term monitoring programme. Compost was applied on three 
different test plots (10 m x 10 m) in an agricultural region in Eastern Styria, Austria. A plot 
of the corresponding agricultural soil (10 m x 10 m) without compost application served as a 
reference. The composition of the soils differed in the clay content. Samples originating from 
the trial fields with compost application and samples from the reference plot were collected 
after the first and the second year of compost application and characterised by means of 
thermal analysis. All plots were represented by 4 composite samples, each one consisting of 
10 individual samples. The material was taken from a depth up to 30 cm. Particles of organic 
matter (roots, leaves, stalks, vegetable residues etc.) were carefully separated in order to 
analyse only degraded organic matter. Thermal analysis is an appropriate method to 
describe complex matrices. Water in interface layers of clay minerals in soils can pretend 
higher organic matter contents if this parameter is determined via the mass loss caused by  
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Figure 5. A-D: Temperature resolved H2O ion current of combustion gases (A); Scores plots of the PCA 
based on the DSC profiles of samples from the three (B-D) test plots; sampling after one and two years 
with (C-2, C-3) and without (R-2, R-3) compost application 

combustion in the muffle furnace. Figure 5A confirms this assumption by the temperature 
resolved ion current of water (m/z = 18) extracted from the mass spectrum of combustion 
gases. Peak 1 is assigned to residual water of the air-dried sample, peak 2 results from the 
oxidative combustion of organic matter and peak 3 can be attributed to water from interface 
layers of clay minerals. The PCAs were based on the heat flow (DSC) profiles. The heat flow 
pattern reflects the exothermic reaction of organic matter combustion and is therefore an 
adequate method to evaluate the development of organic matter in soils. Figures 5B-D 
display the scores plots of the PCAs calculated for the three test plots with compost (C) and 
the corresponding reference plots (R) after one (C-2, R-2) and two years (C-3, R-3). The 
different sampling times can be clearly distinguished (left and right areas in the scores plot 
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of the PCA). Apart from the test plot shown in Figure 5C the influence of compost 
application on soil organic matter is not detectable after 2 years. Differences between the 
two sampling times are caused by other effects. It is evident that the process of organic 
matter deterioration is also affected by the soil matrix and local conditions. The interference 
by other effects implies long-term observations in order to unambiguously verify an 
increase of organic matter, especially if carbon sequestration is assessed and CO2 balances 
are derived. 

3.4. Ageing of charcoal 

Carbonaceous residues from combustion processes in the environment have become a field 
of increasing interest. Incomplete combustion of organic materials under oxygen-free or -
poor conditions is a common feature of carbonaceous materials. Depending on the material 
and the pyrolysis process several terms are in use for the resulting products: biochar, 
charcoal, chars, and soot carbon. All types of these products are subsumed under the terms 
“black, charred or pyrogenic carbon”. Charcoals are ubiquitous in terrestrial and aquatic 
environments. They are found in many areas due to forest fires and in urban soils where 
anthropogenic activities or fire disasters have left their marks. Charcoal production has a 
long tradition in the context of early technical processes where heat and energy were 
needed. Residues of charcoal are found at historical sites of charcoal burning in connection 
with ore mining and metallurgical processes, glass production and lime kilns. The 
traditional production of charcoal has been abandoned in most cases. It is only found in a 
few areas on a diminished scale nowadays as cultural heritage. Charcoal is currently 
produced in closed systems, not least because of organic pollutants generated during 
pyrolysis. 

Carbonaceous residues rank among the fraction of recalcitrant organic matter in soils. In the 
context of climate change its relevance in the carbon cycle and the contribution to carbon 
sequestration has become a crucial topic during the last decades [38, 39]. With the emerging 
scientific interest in “Terra preta” soils where charcoal is thought to play an important role 
in the amelioration of physical and chemical properties of tropical soils [40-42], additional 
benefits are attributed to pyrolysis products. The particular capillary structure of charcoals 
leads to enhanced water und nutrient retention and might explain their favourable impact 
to soils. 

Due to its recalcitrance charcoal is a witness of anthropogenic activities in the past as 
revealed by excavations at archaeological sites [43, 44]. Besides historical, cultural and 
technological aspects, questions about the long-term behaviour of charcoals in the 
environment, carbon release, effects on soil and vegetation arise. Historical charcoals enable 
us to track the ageing process of a recalcitrant carbon fraction, to discover chemical and 
physical changes and to identify the significance of their environmental impact. Historical 
charcoals that trace back to the Middle Ages and the Modern period were investigated using 
thermal analysis and compared to recent charcoals that were produced according to the 
ancient technology in rectangular charcoal mounds. The historical charcoals were produced 
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in rectangular mounds, but also in charcoal pits or charcoal platforms. Depending on the 
region and the availability different kinds of wood were used. The sample set used for these 
investigations was dominated by the following species Picea abies, Pinus sylvestris and Fagus 
sylvatica. 

Thermal analysis is an appropriate method to characterise these materials [45]. The 
influence of pyrolysis temperature and wood species on the thermal behaviour was 
investigated in several experiments in order to support data interpretation. Figure 6A (left 
side) displays the enthalpy of charcoal that was produced from wood powder at different 
pyrolysis temperatures (200, 300, 350, and 600 °C) under laboratory conditions. The grey 
bars indicate the enthalpy referring to dry matter (DM) and the black bars the enthalpy 
referring to organic dry matter (oDM). It is evident that increasing pyrolysis temperatures 
result in higher enthalpies of the charcoal. Figure 6A (right side) additionally shows the 
enthalpy of charcoals (left pair of bars) produced at 350 °C from different wood species (Pa = 
Picea abies, Ps = Pinus sylvestris, Fs = Fagus sylvatica) under laboratory conditions and the 
enthalpy of the corresponding untreated wood (right pair of bars). The enthalpy of wood is 
low compared to its pyrolysis product. According to preliminary results the pyrolysis 
temperature has a stronger effect on enthalpies than the wood species. Further analyses will 
be performed to reveal more details about the impact of wood species, pyrolysis time and 
applied historical technologies. For multivariate data evaluation every influencing factor 
requires an adequate number of samples. 

Due to the long exposure time in the environment historical charcoals are contaminated by 
different substances. In order to minimise the portion of adhesive mineral components from 
the surrounding soil, only charcoal particles were collected at historical sites. The surface of  

 
Figure 6. A-B: Left side (A): Enthalpies of charcoals from wood powder (pyrolysis temperatures 200, 
300, 350, and 600 °C), right side (A): enthalpies of charcoals (pyrolysis temperature 350 °C) from 
different wood species and corresponding non treated wood (Pa = Picea abies, Ps = Pinus sylvestris, Fs = 
Fagus sylvatica, grey bars referring to DM, black bars referring to oDM); PCA based on DSC profiles of 
historical and recent charcoals (B). 
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of the PCA). Apart from the test plot shown in Figure 5C the influence of compost 
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the particle was removed and the core was used for sample preparation. However, mineral 
particles were also found in the capillaries of historical charcoals. Their presence was 
confirmed by the higher percentage of inorganic matter. It can be assumed that other 
unknown chemical compounds were adsorbed at the surfaces of charcoal capillaries. The 
inclusion of non-charcoal compounds was considered as an intrinsic factor of the ageing 
process and therefore the whole sample was taken as “historical” charcoal. Figure 6B 
displays a PCA result based on DSC profiles of historical and recent charcoals. Historical 
and recent charcoals are clearly segregated. The first PC explains 70% of the variance. 

3.5. Lignocellulosic materials 

Wood or lignocellulosic materials in general are ubiquitous in the environment and are 
therefore involved in many degradation processes of material mixtures such as municipal 
solid waste, landfill materials or soils. In the previous sections lignocellulosic material was 
often part of waste organic matter and evaluated together with other components. Although 
the degradation behaviour of the mixture can be or is different from those of single 
constituents, the knowledge of their composition, of differences and physico-chemical 
properties are useful for a better understanding of the behaviour of lignocellulosic material. 
The main structural wood polymers - cellulose, hemicelluloses, and lignin - are the most 
abundant biopolymers of the Earth’s carbon cycle. These polymers form the 
lignocellulose complex in all woody tissues. The highly ordered structure of cellulose 
microfibril aggregates embedded in a matrix of hemicelluloses and lignin provides the 
basis for its mechanical strength [46] and for the resistance to microbial attack [47], to 
which also low molecular mass extractives contribute [48]. 

3.5.1. Wood types / species and their composition 

The two wood types - hardwood and softwood – can be identified by FT-IR due to their 
different chemical composition. A PCA based on the fingerprint region (1800 cm-1 to 700 cm-1) 
of ATR-FT-IR spectra of different wood species belonging to hardwood (Poplar - Populus × 
canadensis, Beech - Fagus sylvatica, Birch - Betula pendula) or softwood (Pine - Pinus sylvestris, 
Spruce - Picea abies) shows their separation in the scores plot along PC1 (Figure 7A), which 
accounts for 77% of the spectral variation. The loadings plot of the first principal component 
(PC1) (Figure 7C) shows the variables (wavenumbers) that are responsible for the 
separation, describing the differences due to different contents or numbers of functional 
groups representing chemical compounds. A positive loading means that the samples with 
positive values in the scores plot have a higher number of the functional group represented 
by this wavenumber, e.g. hardwoods have a higher number of acetyl groups (C=O 
stretching vibration of the acetyl group at 1735 cm-1) than softwoods (Figure 7C) or vice 
versa softwoods have a lower number of acetyl groups. The acetyl groups derive from the 
acetic acid esters attached to the hemicelluloses. Comprehensive lists for the assignment of 
bands found in the infrared spectra of wood and acetylated wood can be found elsewhere 
[49-51]. The band at 1235 cm-1 corresponds to the C-O vibration of this acetyl ester. Three 
further remarkable bands at 1593 cm-1, 1510 cm-1, and 1268 cm-1 represent lignin. The lignin 
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content and composition of hardwoods and softwoods are different. Softwood has higher 
lignin contents than hardwood which is represented in PC1 by the negative loading of the 
band at 1510 cm-1. Softwood lignin consists mainly of G-lignin (guaiacyl units) and 
hardwood lignin mainly of S-lignin (syringyl units). Besides small differences of the 
wavenumber at which the maxima of the bands appear the latter has a stronger band at 1593 
cm-1. Therefore the loading of this band is positive (Figure 7C, PC1).  

 
Figure 7. A-C: PCA based on the fingerprint region (1800 cm-1 to 700 cm-1) of the baseline-corrected and 
minimum-maximum normalised ATR-FT-IR spectra of different wood species (Pine - Pinus sylvestris, 
Spruce - Picea abies, Poplar - Populus × canadensis, Beech - Fagus sylvatica, Birch - Betula pendula); Scores 
plots of the first two principal components labelled according to wood type (A) and species (B) and 
their loading spectra (C) 

The band at 1268 cm-1 typical for G-lignin shows negative loadings and scores, because more 
G-lignin is found in softwoods. The separation along PC2 (13%) is mainly due to different 
lignin contents of the different species. For further interpretation of the differences the 
reader is pointed to additional literature [49-52]. 



 
Multivariate Analysis in Management, Engineering and the Sciences 148 

the particle was removed and the core was used for sample preparation. However, mineral 
particles were also found in the capillaries of historical charcoals. Their presence was 
confirmed by the higher percentage of inorganic matter. It can be assumed that other 
unknown chemical compounds were adsorbed at the surfaces of charcoal capillaries. The 
inclusion of non-charcoal compounds was considered as an intrinsic factor of the ageing 
process and therefore the whole sample was taken as “historical” charcoal. Figure 6B 
displays a PCA result based on DSC profiles of historical and recent charcoals. Historical 
and recent charcoals are clearly segregated. The first PC explains 70% of the variance. 

3.5. Lignocellulosic materials 

Wood or lignocellulosic materials in general are ubiquitous in the environment and are 
therefore involved in many degradation processes of material mixtures such as municipal 
solid waste, landfill materials or soils. In the previous sections lignocellulosic material was 
often part of waste organic matter and evaluated together with other components. Although 
the degradation behaviour of the mixture can be or is different from those of single 
constituents, the knowledge of their composition, of differences and physico-chemical 
properties are useful for a better understanding of the behaviour of lignocellulosic material. 
The main structural wood polymers - cellulose, hemicelluloses, and lignin - are the most 
abundant biopolymers of the Earth’s carbon cycle. These polymers form the 
lignocellulose complex in all woody tissues. The highly ordered structure of cellulose 
microfibril aggregates embedded in a matrix of hemicelluloses and lignin provides the 
basis for its mechanical strength [46] and for the resistance to microbial attack [47], to 
which also low molecular mass extractives contribute [48]. 

3.5.1. Wood types / species and their composition 

The two wood types - hardwood and softwood – can be identified by FT-IR due to their 
different chemical composition. A PCA based on the fingerprint region (1800 cm-1 to 700 cm-1) 
of ATR-FT-IR spectra of different wood species belonging to hardwood (Poplar - Populus × 
canadensis, Beech - Fagus sylvatica, Birch - Betula pendula) or softwood (Pine - Pinus sylvestris, 
Spruce - Picea abies) shows their separation in the scores plot along PC1 (Figure 7A), which 
accounts for 77% of the spectral variation. The loadings plot of the first principal component 
(PC1) (Figure 7C) shows the variables (wavenumbers) that are responsible for the 
separation, describing the differences due to different contents or numbers of functional 
groups representing chemical compounds. A positive loading means that the samples with 
positive values in the scores plot have a higher number of the functional group represented 
by this wavenumber, e.g. hardwoods have a higher number of acetyl groups (C=O 
stretching vibration of the acetyl group at 1735 cm-1) than softwoods (Figure 7C) or vice 
versa softwoods have a lower number of acetyl groups. The acetyl groups derive from the 
acetic acid esters attached to the hemicelluloses. Comprehensive lists for the assignment of 
bands found in the infrared spectra of wood and acetylated wood can be found elsewhere 
[49-51]. The band at 1235 cm-1 corresponds to the C-O vibration of this acetyl ester. Three 
further remarkable bands at 1593 cm-1, 1510 cm-1, and 1268 cm-1 represent lignin. The lignin 

 
Ageing and Deterioration of Materials in the Environment – Application of Multivariate Data Analysis 149 

content and composition of hardwoods and softwoods are different. Softwood has higher 
lignin contents than hardwood which is represented in PC1 by the negative loading of the 
band at 1510 cm-1. Softwood lignin consists mainly of G-lignin (guaiacyl units) and 
hardwood lignin mainly of S-lignin (syringyl units). Besides small differences of the 
wavenumber at which the maxima of the bands appear the latter has a stronger band at 1593 
cm-1. Therefore the loading of this band is positive (Figure 7C, PC1).  

 
Figure 7. A-C: PCA based on the fingerprint region (1800 cm-1 to 700 cm-1) of the baseline-corrected and 
minimum-maximum normalised ATR-FT-IR spectra of different wood species (Pine - Pinus sylvestris, 
Spruce - Picea abies, Poplar - Populus × canadensis, Beech - Fagus sylvatica, Birch - Betula pendula); Scores 
plots of the first two principal components labelled according to wood type (A) and species (B) and 
their loading spectra (C) 

The band at 1268 cm-1 typical for G-lignin shows negative loadings and scores, because more 
G-lignin is found in softwoods. The separation along PC2 (13%) is mainly due to different 
lignin contents of the different species. For further interpretation of the differences the 
reader is pointed to additional literature [49-52]. 



 
Multivariate Analysis in Management, Engineering and the Sciences 150 

Lignin content and lignin composition are important wood parameters. Their fast and 
reliable determination is therefore of interest and was studied with infrared spectroscopic 
methods using both ranges the near infrared (NIR) [53-59] and the mid infrared (MIR) [56, 
60] leading to many PLS-R models. Simple linear regressions between the ratio of bands 
heights (H1510 / H897) [60] and the lignin content (Figure 8A) result in prediction models with 
similar precision as those obtained form PLS-R models for MIR (Figure 8B) and NIR [58, 59]. 

 
Figure 8. A-B: Calibration with a good correlation (r = 0.965) between band-heights ratios H1510 / H897 
from MIR spectra and lignin contents (A); Cross-validation result of the PLS-R model for the total lignin 
content determination (B) using the minimum - maximum normalised MIR spectra in the wavenumber 
range from 1745 cm-1 to 790 cm-1 with 4 PLS components, R2 = 0.89, and a RMSECV of 0.43% 

3.5.2. Degradation of wood 

Ageing and deterioration of wood is caused by light [61], temperature [62], moisture, 
microorganism [10], fungi [47, 63], and others, which influence physical and chemical 
properties. 

Wood is a remarkably durable material. In nature, only higher fungi have developed 
biochemical systems to degrade the lignocellulose complex and perform the conversion and 
mineralisation of wood to carbon dioxide and water. Most of these fungi belong to 
basidiomycetes. Although they are phylogenetically closely related [64] their strategies of 
degrading wood are diverse: While brown-rot fungi degrade primarily the wood 
polysaccharides and leave behind a polymeric but highly modified lignin, simultaneous 
white-rot fungi degrade all polymeric wood constituents at similar rates. Selective white-rot 
fungi, which lack the ability to degrade cellulose efficiently, cause extensive delignification 
of wood. Ascomycetes and Deuteromycetes may cause soft-rot decay that leads to softening 
of wet wood. Cavity formations in wood cell walls are most characteristic for this decay 
type. Extensive reviews on decay pattern, chemistry, and biochemistry of microbial wood 
degradation are available [47, 63, 65]. 
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NIR [60, 66-72] and MIR [73, 74] spectroscopy have been used since about three decades to 
follow the chemical changes due to fungal decay. How less invasive spectroscopic and 
microspectroscopic methods contribute to understand fungal wood decay has been 
reviewed recently [75]. 

The result of fungal decay of wood which has been exposed for a longer period can 
normally be seen at once. From the practical point of view when e.g. construction wood in 
service has to be evaluated the early degradation stages which cannot be seen are of special 
interest because the mechanical properties of wood are strongly influenced. Therefore 
spruce wood (Picea abies L. (Karst.)) was incubated with three strains of the selective white-
rot fungi Ceriporiopsis subvermispora (namely FPL 90.031, FPL 105.752 and CBS 347.63) for 14 
days (details in [60]). The PC1 – PC2 scores plot (Figure 9A) of a PCA, based on the second 
derivatives of the MIR spectra from 1800 cm-1 to 1490 cm-1, shows that the time course can be 
followed along PC1. From the loadings spectra (not shown here but in [60]) it is known that 
the lignin content decreases with increasing incubation time. Along PC3 (Figure 9B) a kind 
of clustering of the three strains was obtained. This means that the PCA also allowed 
separation of the three strains and as a consequence from the loading spectra (cp. Figure 2e 
in [60]) information about the different behaviour of the three strains can be gained. Besides 
small differences in oxidation products and water adsorption properties the number of 
acetyl ester groups is different, which points to slightly different decay pattern of 
hemicelluloses. A better separation of the three strains was obtained using NIR spectra [60]. 

 
Figure 9. A-B: PCA results of the second derivatives of the MIR spectra from 1800 cm-1 to 1490 cm-1: (A) 
scores plot PC1 – PC2; (B) scores plot PC1 – PC3; Adapted from [60] with the permission from IM 
Publications 

The degradation of wood exposed for a longer period, was investigated using three types of 
pine wood (Pinus sylvestris) samples: a) recent, b) strongly degraded in a forest, and c) 
subfossil wood. The latter one, which was found in the sediment of a lake in Finland, was 
dated dendrochronologically to be 4000 – 5000 years-old [76]. 
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The results of a PCA based on the fingerprint region (1800 cm-1 to 700 cm-1) of the ATR-FT-
IR spectra of pine wood (Pinus sylvestris) of varying degradation stages are shown in Figure 
10. The scores plot of the first two principal components (Figure 10A) reveals that the two 
strongly degraded samples are far from the other ones along both axes. The loadings plot of 
PC2 (Figure 10C – PC2 A) shows that mainly polysaccharides, preferably hemicelluloses 
have been degraded. This conclusion is confirmed by the loss of the acetyl-ester band at 
1735 cm-1.  

The loading spectrum of PC1 (Figure 10C – PC1 A) shows that the strongly degraded 
sample consists almost exclusively of lignin. A comparison of this spectrum with a milled 
wood lignin spectrum confirmed this (not shown). Therefore it can be concluded that this 

 
Figure 10. A-C: PCA based on the fingerprint region (1800 cm-1 to 700 cm-1) of the baseline-corrected 
and minimum - maximum normalised ATR-FT-IR spectra of pine wood (Pinus sylvestris L.) of varying 
degradation stages; Scores plots of the first two principal components labelled according to degradation 
stage with (A) and without the samples labelled “degraded” (B) and their loading spectra (C), whereas 
A refers to the PCA in (A) and B to the PCA shown in (B) 
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sample was degraded by brown-rot fungi. The loading spectrum of PC1 (PC1 B) of the PCA 
shown in Figure 10B shows similarity with the previous one. This means that the difference 
between the recent samples and the subfossil samples is an increase in the lignin content. In 
his thesis Stich [76] reviewed possible degradation types and mechanisms including the 
preservation of organic matter in subfossil and fossil samples [77]. Based on his 
spectroscopic and chemical results he concluded that a slow in situ hydrolysis had taken 
place in these subfossil samples. 

3.5.3. Natural durability of wood - Preventing wood from degradation 

The service life of wood for outdoor use such as for windows, doors, balcony, roofs, bridges, 
and other applications should be as high as possible. Wood is a remarkably naturally 
durable material. This natural durability in terms of decay resistance against fungi, varies in 
a wide range between species and even within species [78-80] and can also be predicted by 
infrared spectroscopy [78, 81, 82]. The natural durability of wood mainly depends on the 
extractives composition [79, 83] but also on the extractives content [79] and is in general 
higher in hardwoods than in softwoods. Besides the natural durability and biological 
control of wood decay against fungal infection [84] thermal treatment of wood has shown to 
improve the service life [62, 85, 86] as well as chemical modification of wood such as 
acetylation [86-91], butyrylation [92] or furfurylation [93]. Traditional wood protection 
methods employ chemicals [94-99] that are considered toxic and can adversely affect human 
health and the environment [100]. Serious efforts are made globally to develop alternative 
protection methods based on natural products with little or no toxicity. The implementation 
of these technologies progresses slowly because of certain limitations, including 
discrepancies between laboratory and field performance of natural products, variability in 
their efficacy related to exposure/environmental conditions, and legislation difficulties due 
to disagreements on setting standards defining the quality of their performance and use. 
However, information on those natural compounds that have shown promise for wood 
protection is available under defined interactive categories [100]. 

4. Conclusions 
Ageing and deterioration of different complex materials in the environment were 
characterised using FT-IR spectroscopy and thermal analysis. Due to large data pools 
generated by these analyses multivariate statistical methods were applied for data 
evaluation. Several examples of practical application and basic research were selected. 
Several samples originate from current investigations (section 3.3 and 3.4). The sample sets 
will be extended to elucidate the processes of ageing and deterioration. For compost 
application on soils the question of remaining organic matter in the long-term under the 
given climatic and soil conditions will be relevant. The contribution of different 
environmental factors should be revealed by multivariate data analysis. With regard to 
charcoals more historical samples from different regions are necessary to find out the 
contribution of pyrolysis temperature and time, wood species, applied technology and 
environmental conditions. Based on the collected data sets evaluation can be performed 
under diverse aspects by means of adequate multivariate methods. 
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1735 cm-1.  

The loading spectrum of PC1 (Figure 10C – PC1 A) shows that the strongly degraded 
sample consists almost exclusively of lignin. A comparison of this spectrum with a milled 
wood lignin spectrum confirmed this (not shown). Therefore it can be concluded that this 

 
Figure 10. A-C: PCA based on the fingerprint region (1800 cm-1 to 700 cm-1) of the baseline-corrected 
and minimum - maximum normalised ATR-FT-IR spectra of pine wood (Pinus sylvestris L.) of varying 
degradation stages; Scores plots of the first two principal components labelled according to degradation 
stage with (A) and without the samples labelled “degraded” (B) and their loading spectra (C), whereas 
A refers to the PCA in (A) and B to the PCA shown in (B) 
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sample was degraded by brown-rot fungi. The loading spectrum of PC1 (PC1 B) of the PCA 
shown in Figure 10B shows similarity with the previous one. This means that the difference 
between the recent samples and the subfossil samples is an increase in the lignin content. In 
his thesis Stich [76] reviewed possible degradation types and mechanisms including the 
preservation of organic matter in subfossil and fossil samples [77]. Based on his 
spectroscopic and chemical results he concluded that a slow in situ hydrolysis had taken 
place in these subfossil samples. 

3.5.3. Natural durability of wood - Preventing wood from degradation 

The service life of wood for outdoor use such as for windows, doors, balcony, roofs, bridges, 
and other applications should be as high as possible. Wood is a remarkably naturally 
durable material. This natural durability in terms of decay resistance against fungi, varies in 
a wide range between species and even within species [78-80] and can also be predicted by 
infrared spectroscopy [78, 81, 82]. The natural durability of wood mainly depends on the 
extractives composition [79, 83] but also on the extractives content [79] and is in general 
higher in hardwoods than in softwoods. Besides the natural durability and biological 
control of wood decay against fungal infection [84] thermal treatment of wood has shown to 
improve the service life [62, 85, 86] as well as chemical modification of wood such as 
acetylation [86-91], butyrylation [92] or furfurylation [93]. Traditional wood protection 
methods employ chemicals [94-99] that are considered toxic and can adversely affect human 
health and the environment [100]. Serious efforts are made globally to develop alternative 
protection methods based on natural products with little or no toxicity. The implementation 
of these technologies progresses slowly because of certain limitations, including 
discrepancies between laboratory and field performance of natural products, variability in 
their efficacy related to exposure/environmental conditions, and legislation difficulties due 
to disagreements on setting standards defining the quality of their performance and use. 
However, information on those natural compounds that have shown promise for wood 
protection is available under defined interactive categories [100]. 

4. Conclusions 
Ageing and deterioration of different complex materials in the environment were 
characterised using FT-IR spectroscopy and thermal analysis. Due to large data pools 
generated by these analyses multivariate statistical methods were applied for data 
evaluation. Several examples of practical application and basic research were selected. 
Several samples originate from current investigations (section 3.3 and 3.4). The sample sets 
will be extended to elucidate the processes of ageing and deterioration. For compost 
application on soils the question of remaining organic matter in the long-term under the 
given climatic and soil conditions will be relevant. The contribution of different 
environmental factors should be revealed by multivariate data analysis. With regard to 
charcoals more historical samples from different regions are necessary to find out the 
contribution of pyrolysis temperature and time, wood species, applied technology and 
environmental conditions. Based on the collected data sets evaluation can be performed 
under diverse aspects by means of adequate multivariate methods. 
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1. Introduction 
The detection of harmful materials in bulk and trace levels present in different matrices: 
gases/vapors, liquids, and solids is an important consideration for the development of 
sensors and standoff detection systems for use in National Defense and Security 
applications. Hazardous chemicals such as highly energetic materials (HEM), homemade 
explosives (HME), chemical and biological agents are classified as imminent threats, 
providing terrorists with ways to cause damage to civilians or troops. Chemical warfare 
agents (CWA) are usually classified as skin-damaging, nerve agents and toxins [1]. 
Examples of exposures have occurred since World War I with the development of chlorine, 
phosgene, cyanide and sulfur mustard which were also used in the Iran-Iraq war. In recent 
times, terrorist attempts involving chemical warfare agents have occurred all over the World 
as in the case of Sarin (Japan, 1994) and Ricin (London and Paris, 2003) [2]. Threat 
perception of chemical warfare agents has increased since September 11, 2001 [3,4]. 
Exposure to low levels of these chemical agents can cause respiratory problems, eye 
irritation, choking and blisters. LD50 (mg/kg) values for Nerve agents include Tabun (0.08), 
Sarin (0.01), Soman (0.025) and VX (0.007) [5].  

Most studies that have been published about detection of these compounds are based on 
spectroscopic and chromatographic (GC and HPLC) methodologies [6-11]. Vibrational 
spectroscopy has demonstrated to be valuable for the detection of HEM, HME, CWA and 
Simulants (CWAS) and Toxic Industrial Compounds (TIC). In particular, infrared 
spectroscopy (IRS) and Raman spectroscopy (RS) in various modalities have played unique 
roles in threat compounds detection [6,12-19]. IRS and RS can be employed for detection of 
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1. Introduction 
The detection of harmful materials in bulk and trace levels present in different matrices: 
gases/vapors, liquids, and solids is an important consideration for the development of 
sensors and standoff detection systems for use in National Defense and Security 
applications. Hazardous chemicals such as highly energetic materials (HEM), homemade 
explosives (HME), chemical and biological agents are classified as imminent threats, 
providing terrorists with ways to cause damage to civilians or troops. Chemical warfare 
agents (CWA) are usually classified as skin-damaging, nerve agents and toxins [1]. 
Examples of exposures have occurred since World War I with the development of chlorine, 
phosgene, cyanide and sulfur mustard which were also used in the Iran-Iraq war. In recent 
times, terrorist attempts involving chemical warfare agents have occurred all over the World 
as in the case of Sarin (Japan, 1994) and Ricin (London and Paris, 2003) [2]. Threat 
perception of chemical warfare agents has increased since September 11, 2001 [3,4]. 
Exposure to low levels of these chemical agents can cause respiratory problems, eye 
irritation, choking and blisters. LD50 (mg/kg) values for Nerve agents include Tabun (0.08), 
Sarin (0.01), Soman (0.025) and VX (0.007) [5].  

Most studies that have been published about detection of these compounds are based on 
spectroscopic and chromatographic (GC and HPLC) methodologies [6-11]. Vibrational 
spectroscopy has demonstrated to be valuable for the detection of HEM, HME, CWA and 
Simulants (CWAS) and Toxic Industrial Compounds (TIC). In particular, infrared 
spectroscopy (IRS) and Raman spectroscopy (RS) in various modalities have played unique 
roles in threat compounds detection [6,12-19]. IRS and RS can be employed for detection of 

© 2012 Hernández-Rivera et al., licensee InTech. This is a paper distributed under the terms of the Creative 
Commons Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.



 
Multivariate Analysis in Management, Engineering and the Sciences 162 

Explosives and Chemical Warfare Agents, as well as other chemical and biological threats in 
airports, in military environments, in government buildings and other public safety places. 
Raman Spectroscopy employs a non-invasive approach that provides high resolution and 
specificity. Some applications of IRS and RS includes lab based characterization studies as 
well as forensic field studies of organic and inorganic substances through their vibration 
signatures.  

Optical Fiber Probes (OFP) have been employed in biomedical applications, in 
communications, in coupling instrumentation to sensing probes and other important 
modern applications. Moreover, their uses have been extended to excitation and detection of 
Raman and infrared signals [16, 20]. Fiber optics applications to Raman Spectroscopy can 
take advantage of a favorable excitation radiation distribution within the sample; allowing 
the use of higher laser power levels which, in turn, can yield an elevated signal-to-noise 
ratio (SNR) for a given experiment without increasing the risk of photo-damaging analytes 
[21, 22]. In 2011 Ramírez-Cedeño et al. utilized Optical Fiber Coupled Raman Spectroscopy 
(OFC-RS) to detect hazardous liquids concealed in commercial products [6]. They proved 
that an optical fiber coupled Raman probe was able to discriminate hazardous liquids inside 
consumer products from common drinks. Elliason et al. (2007) have also reported drug and 
liquid explosives detection in concealed in colored plastic containers [23]. 

Recently infrared spectroscopy has shown progress in the use of more powerful IR sources, 
such as Quantum Cascade Lasers (QCL) by incorporating these devices in IR reflectance, IR 
transmission and even in IR microscopy applications [24]. QCL-based setups are being 
developed for in the field applications such as breath analysis, environmental research, 
airborne measurements, security applications, laser-based isotope ratio measurements, and 
many others. In particular, for security applications, optical methods are advantageous 
because of their capability for remote and standoff detection [14, 25, 26]. Due to 
improvements in QCL development, mid infrared lasers operating at room temperature with 
high output powers in the CW regime are commercially available and make it possible to set 
up a ruggedized system that allows sensing of explosives and others materials outside the 
laboratory and the ability to enter real world scenarios. With laser based standoff 
spectroscopy, the detection distance can be a few meters to tens of meters. Because of the 
inverse square dependence of light intensity, larger distances require high power, collimated 
light sources such as lasers. For homeland security applications such as detection of suicide 
bombers or improvised explosive devices, a distance of 50-100 m is generally sufficient. 

In this chapter we illustrate the usefulness of incorporating powerful statistical routines to 
all traditional chemistry disciplines: Chemometrics is the application of statistical tools to 
plan, execute and analyze experiments in chemistry. To illustrate the power of 
Chemometrics techniques to analyze experiments in chemistry we have chosen three case 
studies, all involving identification, quantification, discrimination and classification of 
chemical threats in different matrices from vibrational spectroscopy multivariate data.  

In the first case study a remote Raman detection study was performed for quantification of 
HEM such as pentaerythritol tetranitrate (PETN) present in different mixtures. The remote 
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measurements were carried out at 10 m by employing a frequency-doubled 532 nm Nd:YAG 
pulsed laser as excitation line, the quantification study was performed by using partial least 
squares regression analysis (PLS), Interval-PLS (iPLS) and Synergy-PLS (siPLS) as 
chemometrics tools to achieve the best correlation between the remote Raman signal and the 
concentration (%) of PETN explosive in a mixture with pharmaceutical compound.  

In the second case study discussed, Optical Fiber Coupled Raman Spectroscopy (OFP-RS) 
was employed at 488 nm excitation wavelength for detection of a Chemical Warfare Agent 
Simulant (CWAS): triethyl phosphate (TEP) inside different commercial bottles: green-
plastic, green-glass, clear-plastic, clear-glass, amber-glass and white plastic. Aqueous 
solutions were also used to discriminate on various bottle materials in commercial beverage 
products.  

In a third case study a Fourier Transform infrared interferometer with MCT detector was 
used for recording vibrational infrared signals from nitroaromatic and peroxide explosives 
in the gas phase. Furthermore, a dispersive IR HEM detection system using a quantum 
cascade laser was used to record MIR spectral signals of 2,4,6-trinitrotoluene, pentaerythritol 
tetranitrate and cyclotrimethylenetrinitramine on travel baggage surfaces. Several models 
were generated with and without preprocessing throughout MIR spectrum. 

2. Description of methodologies 

Explosives compounds employed in the studies illustrated were pentaerythritol tetranitrate 
(PETN) cyclotrimethylenetrinitramine (RDX), triacetone triperoxide (TATP), 2,4-
dinitrotoluene (2,4-DNT), 2,4,6-trinitrotoluene (TNT) were synthesized in the laboratory 
according to methods described by Urbanski [27] and pharmaceutical active compound: 
acetaminophen (APAP) was purchased from Aldrich-Sigma Chemical Co. (Milwaukee, WI). 
Powder mixtures were prepared employing the both compounds (PETN and APAP) 
mentioned above and the compositions of PETN in the mixtures was varied from 1 to 34% 
w/w.  Components of the mixtures were carefully weighed and mixed using an agate mortar 
ensuring homogeneity throughout the sample with a total weight of 200 mg.  

 
Figure 1. Commercial bottles (glass and plastic) used to TEP detection using Optical Fiber Coupled 
Raman spectroscopy. 
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Figure 2. Microscopic Views of PETN on travel baggage substrates; zoom used was 10x and 50x. 

A chemical warfare agent simulant: (CWAS) triethyl phosphate 99% (TEP) from Acros 
Organics (New Jersey, USA) was used to demonstrate the detection and quantification 
capabilities of this kind of compound by Optical Fibers Coupled Raman spectroscopy. Several 
formulations were made with the stimulant in their commercial containers: Snapple® Kiwi-
Strawberry (Snapple Group USA), Pepsi (PepsiCo Inc., USA), Mountain Dew® (PepsiCo Inc., 
USA), Heineken® (Mendez & Company, PR), Mott’s apple juice® (Mott’s LLP., Rye Brook, 
NY) ,  Leche Suiza® Low Fat Grade A (Suiza Dairy Corp., Puerto Rico) and Malta India® (PR 
Brewing Co., Mayaguez, PR). The containers can be seen in Figure 1.  

For gas phase measurements of 2,4-DNT and TATP using infrared spectroscopy vapors 
were collected in a gas cell (10 cm long and 3.5 cm diameter) by slowly heating the sample 
to generate vapors. Finally, traces of PETN, TNT and RDX were placed on travel baggage 
surface with size of 1 in2. Figure 2 shows a view of how PETN was deposited on travel 
baggage substrates at different surface concentration. Figure 3 shows a summary the 
experiments carried out using vibrational spectroscopy techniques such as infrared and 
Raman. This figure shows the modalities used, the target tested and the chemometrics 
models utilized. 

For detection of PETN mixed with APAP, Raman spectra of mixtures were acquired by 
employing a Remote Raman system. This system has been described in detail previously 
[16]. The prototype was modified using a Headwall Photonics Raman Explorer™ 
spectrograph with optical layout for 532 nm (Headwall Photonics, Inc.) instead of the Andor 
spectrometer. The remote Raman system consisted of a MEADE ETX-125 Maksutov-
Cassegrain telescope (125 mm clear aperture, 1900 mm focal length f /15). The reflecting 
collector was coupled to the Raman spectrometer with non-imaging, 200 m diameter 
optical fiber (model SR-OPT-8024, Andor Technology, Belfast, Northern Ireland). A 
frequency-doubled 532 nm Nd:YAG pulsed laser system (Quanta Ray INDI Series, 
Newport-Spectra Physics, Mountain View, CA) was used as the excitation source. The 
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maximum energy/pulse of the laser at 532 nm was 25 mJ, and it operated at a repetition rate 
of 10 Hz. The pulse width was approximately 5-8 ns, and the beam divergence was less than 
0.5 mrad. A gateable, intensified CCD detector (iStar ICCD camera, Model DH-720i-25F-
03, Andor Technology, Belfast, Northern Ireland) was used as the photon detector. Andor 
Technology Solis software for spectroscopic, imaging and time-resolved studies was used 
for spectral data acquisition and processing from the intensified and gated CCD detector. 
Using this software, the data could be acquired in both imaging and spectroscopic modes.  
In this experiments, each mixture was placed into a stainless steel sample holder of 0.6 cm in 
diameter where 30 ft·lb of pressure was applied to generate a tablet. Remote Raman spectra 
of mixtures were measured at a target at telescope standoff distance of 10 m, in the Raman 
Shift region 450-3000 cm-1 using an pulsed laser operating at 532 nm excitation line with a 
constant energy of 25mJ/pulse (at head) and 100 pulses were applied to achieve spectra with 
good Signal to Noise. A total of 10 spectra were collected for each mixture acquiring around 
56 spectra in the specific Raman shift range. 

 
Figure 3. General scheme of experiments using IR and Raman vibrational spectroscopy. 

In the detection of TEP chemical warfare simulant in commercial bottles, Raman 
experiments were performed with a custom built setup (Figure 4) using the strong blue 
excitation line from an argon ion laser INNOVA 310/8 from Coherent, Inc. at 488.0 nm. The 
first strand of optical fiber (non-imaging, 600 µm diameter, model AL 1217, Ocean Optics, 
Inc.) as well as the second (200 µm diameter, model SR-OPT 8024, Andor Technologies Inc.) 
were used to couple the Raman probe to which a set of laser line filter (to clean satellite 
lines) and Semrock RazorEdge™ edge filter was used to filter the Rayleigh scattered light. 
An Andor Technologies spectrograph: Shamrock SR-303i (aperture: f/4; focal length: 303 
mm; wavelength resolution: 0.1 nm or 4.2 cm-1 at the excitation wavelength) equipped with 
a 1200 grooves/mm grating was used to analyze the Stokes scattered light. A high 
performance, back thin illuminated CCD camera (Andor Technologies model # DU970N-
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UVB) with quantum efficiencies of 90% (200 cm-1) to 95% (3600 cm-1) served as light detector 
(Figure 4) and calibration was performed using cyclohexane.  Detection was performed with 
a light source in order to be carried out in the high-background environment conditions. In 
this experiment, six different bottle materials: clear-glass, green-glass, brown-glass, clear-
plastic, white-plastic and green-plastic were used to measure the amount of simulant 
(triethyl phosphate) within the container. Mixtures ranged from 0% to 100% (v/v) of 
simulant and water, simulant and commercial beverage product were analyzed.   

 
Figure 4. Experiment setup for detection of chemical warfare simulant in commercial bottles. 

 
Figure 5. Schematic diagram of experimental setup used in the IR detection. Traces of explosives in gas 
phase were dragged by air flow and transported to a gas cell for detection. 
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The IR equipment used for the experiments was a model IFS 66v/S interferometer (Bruker 
Optics, Billerica, MA). For the experiments described, the system was equipped with a 
DTGS detector and a potassium bromide (KBr) beamsplitter. A spectroscopic measurement 
averaged 20 scans at a resolution of 4 cm-1 using OPUS Version 4.2 software in the range of 
7500 – 400 cm-1. Target chemicals were TATP, 2,4-DNT and 2,4,6-TNT. Second, an EM-27 
Open Path FT-IR interferometer (Bruker Optics, Billerica, MA) was used to obtain the IR 
spectral information of gas phase TATP samples with a (TE) cooled MCT detector. Third: 
Quantum Cascade Laser (QCL) based dispersive IR spectrometer LaserTune™ (Block 
Engineering, Marlborough, MA) was used to obtain the IR spectral information of TATP 
samples. An Agilent 6890 gas chromatograph (GC) coupled to an Agilent 5893 mass 
selective detector (MSD) with a capillary column: HP-5 MS 5% phenyl methyl siloxane, 
Length: 30.0 m, 250.0 µm in diameter and 0.25 µm of film thickness was used for detecting 
the presence of explosive TATP, 2,4-DNT and 2,4,6-TNT in the gas phase. 

Figure 5 shows a schematic diagram of the experimental setup used in the investigation. 
Samples of 100-300 µg/cm2 of explosives were placed on the bottom of a 500 mL Erlenmeyer 
flask at the position labeled (1) in Figure 5. A flow of dry air (1-16 mL/s) at temperatures of 
0-38°C was used to transfer the solid explosives to the gas phase. The measurements as 
function of temperature were done in two forms, scanning the range of temperature and 
fixed temperature point measurements. Traces of explosives in gas phase were dragged 
from the surface by the air flow and transported to an IR gas cell for detection. Spectra were 
recorded using the instrument first at 4 cm-1 of resolution and 25 scans were used for the 
experiments. A total of 1089 spectra of air with 2,4-DNT, 1194 spectra of air with TATP and 
2200 spectra of air were recorded to generate the models. On the OP EM-27 active mode 
experiments were carried out at lab temperature (25oC) at 30 scans and 4 cm-1 resolution. 
The spectral range used was from 700 to 1600 cm-1. Experiments using QCL LaserTune™ 
active mode experiments were carried out at lab temperature of 20 °C at 1 spectrum and 4 
cm-1 resolution. The spectral range used was from 830 to 1430 cm-1. The presence of TATP in 
air was determined by GC-MS, and the concentration of 2,4-DNT in air for different flow 
conditions and temperatures were calculated by calibration curves from GC-µECD. Finally, 
explosive traces (PETN, TNT and RDX) were deposited on travel baggage of 1 in2 size of 
and analyzed with the QCL spectrometer.  

3. Chemometrics to vibrational spectral analysis 

The automation and computerization of laboratories have been carried out with various 
important consequences. One of them is the rapid acquisition of large amounts of data. 
However, it is well know that acquiring such large amount of data is far from to providing 
appropriate answers quicker. Obtaining vibrational spectroscopy multivariate data is not 
synonymous with possessing vibrational information. The later must be interpreted and 
placed in context to convert it into useful information for the user. Chemometrics is the field 
of chemistry that provides the user with the required tools to enable that capability.  

A great deal of chemometrics tools have been developed and tested. The most used of these 
tools to identify, quantify and classify data sets are those that make use of principal 
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components analysis (PCA), partial least squares (PLS), discriminant analysis (DA), and 
their combined usage: PLS-DA and hierarchical cluster analysis (HCA). PCA transforms a 
set of variables into fewer variables (called factors, rank, dimensions or principal 
components) which contain most of the information (variance) of the initial data set [28-31].  

 
Figure 6. Simplified scheme for a PCA analysis. 

The PCA algorithm seeks to save the information from a large number of variables in a 
small number of uncorrelated components, with minimal loss of information. The main 
reasons for performing a PCA are: reduction of the number of variables to fewer dimensions 
that contain as much information as possible and have uncorrelated dimensions (used to 
avoid multi-collinearity in multiple regressions, among other things).  An important method 
for qualitative analysis of spectral data is principal component analysis. PCA is a method for 
the investigation of the variation within a multivariable data set. The first step in PCA is to 
subtract the average value or spectrum from the entire data set, this is called mean 
centering. The largest source of variation in the data set is called principal component PC1. 
The 2nd largest source of variation in the data, which is independent of PC1, is called PC2. 
Principal components form a set of orthogonal vectors. For each one of the data points, the 
projection of the data point onto the P1 or P2 vector is called a score value. Plots of sample 
score values for different principal components, typically P1 versus P2 are called score plots. 
Score plots provide important information about how different samples are related. 
Principal component plots, also called loading plots, provide information about how 
different variables are related to each other. In practical cases, PCA uses a single X matrix 
which is represented by the infrared spectra. PCA is a purely qualitative analysis (does not 
give a quantitative value that establishes how different are a spectral dataset) to visualize if 
there is variability between a set of IR spectra. PCA can thus also be used to detect the 
presence of outliers. Figure 6 shows a simplified PCA scheme [28-29]. 

Partial least squares (PLS) regression is a quantitative spectral decomposition technique that 
is closely related to PCA regression. The importance of PLS is that it is used to design and 
build robust calibration models for multivariate quantitative analysis. PLS actually uses the 
concentration information during the decomposition process. This causes spectra containing 
higher constituent concentrations to be weighted more heavily than those with lower 
concentrations. The main idea of PLS is to get as much concentration information as possible 
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into the first few loading vectors (number of component, factors, ranks or principal 
components). PLS regression consists of two fundamental steps. First, to transform the X 
predictive matrix (spectra) of order n × p (n = number of samples and p = number of 
variables: cm-1 or nm), in an matrix of components or latent variables uncorrelated, T = (T1, 
..., Tp) of order n × p, called PLS components, using the Y response vector (concentrations) 
of order n × 1; this contrasts with the principal component analysis in which the components 
are obtained using only the X predictive matrix . Second, to calculate the estimated 
regression model using the Y response original vector as predictive, PLS components. The 
dimensionality reduction can be applied directly on the components as they are orthogonal. 
The number of PC required for the regression analysis must be much smaller than the 
number of predictors. There is a number of ways of expressing these, a convenient one being 
(Eq.1 and 2) [29]: 

     (1) 

     (2) 

Figure 7 illustrates a simplified scheme for PLS: X represents the experimental 
measurements (e.g. spectra) and c (or Y) the concentrations. The first equation above 
appears similar to that of PCA, but the scores matrix also models the concentrations, and the 
vector q has some analogy to a loadings vector. The matrix T is common to both equations. E 
is an error matrix for the X block and f an error vector for the c block. The scores are 
orthogonal, but the loadings (P) are not orthogonal, unlike in PCA, and usually they are not 
normalized. 

 
Figure 7. Simplified scheme for a PLS transformation. 

Chemometrics techniques have improved the last years in order to save time and 
computational resources in different models to be used without compromising the quality of 
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Chemometrics field called interval partial least squares (iPLS) and this tool was presented 
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components analysis (PCA), partial least squares (PLS), discriminant analysis (DA), and 
their combined usage: PLS-DA and hierarchical cluster analysis (HCA). PCA transforms a 
set of variables into fewer variables (called factors, rank, dimensions or principal 
components) which contain most of the information (variance) of the initial data set [28-31].  

 
Figure 6. Simplified scheme for a PCA analysis. 
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there is variability between a set of IR spectra. PCA can thus also be used to detect the 
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into the first few loading vectors (number of component, factors, ranks or principal 
components). PLS regression consists of two fundamental steps. First, to transform the X 
predictive matrix (spectra) of order n × p (n = number of samples and p = number of 
variables: cm-1 or nm), in an matrix of components or latent variables uncorrelated, T = (T1, 
..., Tp) of order n × p, called PLS components, using the Y response vector (concentrations) 
of order n × 1; this contrasts with the principal component analysis in which the components 
are obtained using only the X predictive matrix . Second, to calculate the estimated 
regression model using the Y response original vector as predictive, PLS components. The 
dimensionality reduction can be applied directly on the components as they are orthogonal. 
The number of PC required for the regression analysis must be much smaller than the 
number of predictors. There is a number of ways of expressing these, a convenient one being 
(Eq.1 and 2) [29]: 
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orthogonal, but the loadings (P) are not orthogonal, unlike in PCA, and usually they are not 
normalized. 
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The principle of the iPLS is to optimize the predictive capability of PLS regression models 
and to support in interpretation. This algorithm which develops local PLS models on 
equidistant subintervals of the full-spectrum region. Its major objective is to provide an 
overall perspective of the significant information in different spectral subdivisions, thereby 
focusing on important spectral regions and removing interferences from other regions. The 
sensitivity of the PLS algorithm to noisy variables is highlighted by the informative iPLS 
plots [32]. For synergy interval PLS (siPLS), the basic principle of this algorithm is the same 
as iPLS first, it is to split the data set into a number of intervals (variable-wise), next, to 
develop PLS regression models for all possible combinations of two, three or four intervals. 
Thereafter, RMSECV is calculated for every combination of intervals. The combination of 
intervals with the lowest root mean square error of cross-validation (RMSECV) is selected.   

Finally, cluster analysis is the name given to a set of techniques that seeks to determine the 
structural characteristics of multivariate data sets by dividing the data into groups, clusters, 
or hierarchies. For cluster analysis, each sample is treated as a point in an n-dimensional 
measurement space. The coordinate axes of this space are defined by the measurements 
used to characterize the samples. Cluster analysis assesses the similarity between samples 
by measuring the distances between the points in the measurement space. Samples that are 
similar will lie close to one another, whereas dissimilar samples are distant from each other 
[28]. 

In this chapter, remote Raman detection experiments were performed to quantify HEM such 
as PETN present in mixtures with non-HEM. The remote measurements were carried out at 
10 m employing a frequency-doubled 532 nm Nd:YAG pulsed laser as excitation source. The 
quantification study was performed by using PLS, iPLS and siPLS as chemometrics tools to 
achieve the best correlation between the remote Raman signal and the concentration (%) of 
PETN explosive in a mixture with pharmaceutical compound. Discrimination of chemical 
warfare agent simulant (CWAS) TEP concealed within commercial beverage bottles using 
Optical Fiber Coupled Raman Spectroscopy with the use of different chemometrics 
techniques such as PLS, PLS-DA. Finally infrared spectroscopic information analysis using 
Chemometrics was designed and implemented in the detection of HEM: 2,4-DNT, TATP, 
PETN and RDX, present at trace level on surfaces and in air were analyzed by 
Chemometrics Enhanced Vibrational Spectroscopy. 

4. Multivariate Detection and Quantification from Vibrational Spectra 

4.1. Remote raman experiments 

Different preprocessing methods such as vector normalization (VN), mean centering (MC), 
auto scaling (AS), multiple scattering correction (MSC), standard normal variate (SNV) and 
first and second derivatives have been developed to improve a good multivariate 
quantification. The 56 remote Raman spectra taken from PETN detection in mixes with 
APAP were randomly split into two groups: a first group with the 70% of the data for 
calibration and cross validation (training set) and a second group for external validation 
(test set) formed by the remaining 30% of the data. The quantitative model was performed 
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by using chemometrics tools, such as PLS, iPLS and siPLS. The PLS program used was from 
PLS-ToolBox™ (Eigenvector Research Inc.) for use with MatLab™. The iPLS and siPLS 
algorithms used in this work were carried out by employing iToolbox™, (downloaded from 
http://www. models.kvl.dk). The performance of the final PLS, iPLS and siPLS models were 
evaluated according to the root mean square error of cross-validation (RMSECV), a leave-
one-sample-out cross-validation method and the predictive ability of the models were 
assessed by the root mean square error of prediction (RMSEP) and the correlation coefficient 
(R). In general for all the PLS models RMSECV were calculated as follows: 

 ������ � �		∑ ������)������
���

����     (3) 

Where ci and cp are the experimental and predicted concentration, respectively, of the ith 
calibration sample when situated in a left out segment, ncal is the number of calibration 
samples in the training set. The number of PLS components included in the model is 
selected according to the lowest RMSECV. This procedure is repeated for each of the 
preprocessed spectra. For the test set, the root mean square error of prediction (RMSEP) is 
calculated as follows: 
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The best model with the overall lowest RMSECV will be selected as final model. Correlation 
coefficients between the predicted and the true concentration are calculated for both the 
calibration and the test set, which are calculated as follows from Equation 5, where  ���  is the 
mean of the experimental measurement results for all samples in the train and test sets. 
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The implementation of new methodologies for enhanced detection of hazardous 
compounds such as explosives is always attractive for many countries principally for 
defense and security applications. Terrorist employ different ways to pose threats and make 
illegal acts against military and civilian people. According to this situation our study is 
focused on detection of explosives present in mixture prepared intentionally with a 
pharmaceutical product by employing remote Raman detection and chemometrics tools. 
Remote Raman spectra of PETN, APAP in mixtures of them are illustrated in Figure 8. The 
results show that mean centering (MC) pre-processing method was the most successful 
method for correcting background and was selected for construction of further models 
because they presented small improvement in RMSEC. 

The full spectrum was split in 20 independent intervals and the RMSECV values for PLS 
models constructed with different intervals is shown in Figure 9. Models with no intervals 
were better than PLS models with all variables (dotted in line) and the intervals 6 (1185.2-
1328.9 cm-1), 9 (1619.8 -1755.4 cm-1), and 19 (2878 -2988.4 cm-1), presened the lowest RMSECV 
values where more variability exists. These values are shown in Table 1. The number of 
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measurement space. The coordinate axes of this space are defined by the measurements 
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by measuring the distances between the points in the measurement space. Samples that are 
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PETN explosive in a mixture with pharmaceutical compound. Discrimination of chemical 
warfare agent simulant (CWAS) TEP concealed within commercial beverage bottles using 
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techniques such as PLS, PLS-DA. Finally infrared spectroscopic information analysis using 
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PETN and RDX, present at trace level on surfaces and in air were analyzed by 
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4.1. Remote raman experiments 

Different preprocessing methods such as vector normalization (VN), mean centering (MC), 
auto scaling (AS), multiple scattering correction (MSC), standard normal variate (SNV) and 
first and second derivatives have been developed to improve a good multivariate 
quantification. The 56 remote Raman spectra taken from PETN detection in mixes with 
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by using chemometrics tools, such as PLS, iPLS and siPLS. The PLS program used was from 
PLS-ToolBox™ (Eigenvector Research Inc.) for use with MatLab™. The iPLS and siPLS 
algorithms used in this work were carried out by employing iToolbox™, (downloaded from 
http://www. models.kvl.dk). The performance of the final PLS, iPLS and siPLS models were 
evaluated according to the root mean square error of cross-validation (RMSECV), a leave-
one-sample-out cross-validation method and the predictive ability of the models were 
assessed by the root mean square error of prediction (RMSEP) and the correlation coefficient 
(R). In general for all the PLS models RMSECV were calculated as follows: 
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The best model with the overall lowest RMSECV will be selected as final model. Correlation 
coefficients between the predicted and the true concentration are calculated for both the 
calibration and the test set, which are calculated as follows from Equation 5, where  ���  is the 
mean of the experimental measurement results for all samples in the train and test sets. 
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The implementation of new methodologies for enhanced detection of hazardous 
compounds such as explosives is always attractive for many countries principally for 
defense and security applications. Terrorist employ different ways to pose threats and make 
illegal acts against military and civilian people. According to this situation our study is 
focused on detection of explosives present in mixture prepared intentionally with a 
pharmaceutical product by employing remote Raman detection and chemometrics tools. 
Remote Raman spectra of PETN, APAP in mixtures of them are illustrated in Figure 8. The 
results show that mean centering (MC) pre-processing method was the most successful 
method for correcting background and was selected for construction of further models 
because they presented small improvement in RMSEC. 

The full spectrum was split in 20 independent intervals and the RMSECV values for PLS 
models constructed with different intervals is shown in Figure 9. Models with no intervals 
were better than PLS models with all variables (dotted in line) and the intervals 6 (1185.2-
1328.9 cm-1), 9 (1619.8 -1755.4 cm-1), and 19 (2878 -2988.4 cm-1), presened the lowest RMSECV 
values where more variability exists. These values are shown in Table 1. The number of 
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latent variables required for the models obtained using different intervals is the numbers 
shown inside the rectangles. 
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Figure 8. Remote Raman spectra of PETN, APAP and mixture of them, collected at 10 m of target to 
collector distance employing 532 nm laser with 100 pulses of 25 mJ/pulse. 

 
Figure 9. RMSECV values for PLS models obtained for the 20 different intervals (bars) used in iPLS 
models. The horizontal dotted line represents the RMSECV value for the PLS model with all variables. 
Numbers inside the rectangles are the optimal number of latent variables. 
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Models LVa Intervals NVb 
RMSEC
V (%) 

RMSEP 
(%) 

RCV RP 

PLS 6 All 730 1.8 2.2 0.978 0.979 
iPLS 3 6 37 2.0 2.8 0.986 0.976 

3 9 37 2.5 3.1 0.976 0.969 
3 19 36 2.7 2.4 0.972 0.988 

siPLS 7 3,9,19 110 1.4 1.8 0.993 0.992 

a Latent variable  b Total number of variables. 

Table 1. Full-cross-validated PLS, iPLS, and siPLS models for prediction of PETN in the range 1.0–
34.0% Remote Raman spectra. All models are based on MC data. 

In synergy interval-PLS (siPLS) model calibration, the number of intervals was also 
optimized according RMSECV values. Table 1 shows the results of siPLS model calibration 
when the spectra were split into different number of intervals. The optimum siPLS model 
was obtained with the combination of 3 intervals (3, 9 and 19) and 7 PLS components. The 
lowest RMSECV was 1.4, compared with RMSECV values obtained for PLS model with all 
variables and iPLS models. According to the statistical results illustrated in Table 1, it is 
important to establish that iPLS or siPLS models with 4 or more intervals (data not shown) 
including intervals 10-18 were explored. These intervals correspond to noisy areas which 
were not eliminated in order that the models could choose the spectral region of larger 
variability. The capability of prediction of siPLS models was better when compared to the 
other models As shown in the correlation plots in Figure 10, there is a good relationship 
between the True and Predicted concentration (%) for PETN, with RCV values of 0.993. This 
can also be appreciated by the good prediction of the test set of samples with values of 
RMSEP of 1.8% for the corresponding explosives. The final model separated the vibrational 
spectra into 20 intervals, 7 latent variables were used and the intervals number 3, 9 and 19 
were combined The selected intervals included regions of 724.2 - 876.7cm-1,1619.8-1755.4 cm-1 
and 2878 -2988.4 cm-1, The first  Raman shift region correspond to NO2 scissoring mode and 
O-N stretching band; the second region is relevant for NO2 asymmetric stretching  mode 
and C=O stretching band; the third region represents the C-H stretching mode [37-39]. 

 
Figure 10. Predicted vs. True PETN concentration for siPLS model using 3, 9, and 19, intervals and 7 
latent variables. 
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latent variables required for the models obtained using different intervals is the numbers 
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Figure 8. Remote Raman spectra of PETN, APAP and mixture of them, collected at 10 m of target to 
collector distance employing 532 nm laser with 100 pulses of 25 mJ/pulse. 
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Numbers inside the rectangles are the optimal number of latent variables. 

RM
SE

CV
 (%

)

Interval Number

1            2         3 4           5 6          7          8 9          10       11      12      13      14       15       16       17     18       19       20

2 3        3 3           2 3         3          2 3         2        1          1       1        1            2         1         1       2         3         4

10

8

6

4

2

Multivariate Analysis in Vibrational  
Spectroscopy of Highly Energetic Materials and Chemical Warfare Agents Simulants 173 

Models LVa Intervals NVb 
RMSEC
V (%) 

RMSEP 
(%) 

RCV RP 

PLS 6 All 730 1.8 2.2 0.978 0.979 
iPLS 3 6 37 2.0 2.8 0.986 0.976 

3 9 37 2.5 3.1 0.976 0.969 
3 19 36 2.7 2.4 0.972 0.988 

siPLS 7 3,9,19 110 1.4 1.8 0.993 0.992 

a Latent variable  b Total number of variables. 

Table 1. Full-cross-validated PLS, iPLS, and siPLS models for prediction of PETN in the range 1.0–
34.0% Remote Raman spectra. All models are based on MC data. 
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4.2. Optical fiber probe raman spectroscopy experiments 

In the optical fibers coupled Raman spectrum of TEP, shown in Figure 11, the CWAS has 
characteristics peaks at 733 cm−1 (PO3 symmetric stretching mode), 813 cm−1 (PO3 
asymmetric stretch), 1032 and 1098 cm−1 (C–O stretch), 1162 cm−1 (CH3 rocking) and 1279 
cm−1 (P–O symmetric stretch) [6]. Mixtures of TEP with commercial liquids were measured 
in their corresponding commercials bottles.  TEP concentration varied from 0 to 100 (%v/v). 
In Figure 12, TEP Raman spectra are shown for different bottle materials. At all 
concentrations, the TEP characteristic peaks could be distinguished within the different 
types of materials of the container with the exception of brown glass and white plastic. 
These two bottle materials had lower transmittance in the 200 to 1400 cm-1 region and TEP 
characteristic peaks in the 2700 to 3200 cm-1region.  UV-VIS spectra (data not shown) show 
the increased absorbance in bottle materials such as white plastic and amber glass (Malta™).  
This confirms nature of the low intensity Raman peaks in the region (200-1400 cm-1) shown 
in Figure 12.  When light scatters turbid materials, such as amber glass or white plastic, the 
material is absorbing or blocking the light when compared to clear glass and clear plastic.  
Thickness of the bottle material and coloration also play a role in absorbance and transmission. 
The high intensity peak at 2300 cm-1 corresponds to the background light (mercury vapor from 
fluorescent lamps).  This peak is shown with higher intensity in Raman spectra of brown glass 
and white plastic in comparison to the rest of spectra due to the increase in integration time for 
these two bottle materials.  All bottle materials were subject to background light in order to 
simulate real-time conditions found in military, airport and other environments where a light 
source is involved.  This analysis is based on increased absorbance shown in the UV-VIS 
Spectra for different bottle materials (data not shown). 

  
Figure 11. Raman vibrational spectrum of TEP excited at 488 nm. 

Calibration models were performed with PLS regression model to distinguish between the 
samples that contain TEP in aqueous solutions compared to the solutions with TEP and the 
commercial product.  In Figure 13, eight PLS regression models are chosen in order to show 
the marked difference between the best and the worst regression model, each of these with 
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and without pre-processing steps.  Since integration times were normalized for each bottle, 
Limits of Detection were similar with the exception of amber/brown glass (Malta™). The 
aqueous solutions show a better R2 values than the mixtures with the commercial product. 
For clear glass (Snapple™), the R2 value is 0.9925 for aqueous solutions compared to 0.9747 
for the mixtures with the commercial product. The R2 values for Malta™ in aqueous 
solutions showed a significant increase with optimization (0.4193 without preprocessing and 
0.9508 with optimization). However, optimization with Malta™ shows a lower R2 value 
0.7646 compared to 0.8047 without preprocessing.   

 
Figure 12. Raman spectra of Triethyl Phosphate in various types of bottle materials 

It is clear that the R2 values increase in PLS regression models for aqueous solutions since 
water does not present strong signatures in Raman Spectroscopy. Every other PLS 
regression model (green plastic, green glass, clear plastic, clear glass, and white plastic) in 
aqueous and beverage solution presented nearly similar limits of detection.  Each of these 
limits improved with their respective preprocessing step (vector normalization, standard 
normal variate and mean centering).  With the help of integration time for each bottle 
material, normalization was achieved with the limits of detection and root-mean-squared 
error cross-validation (RMSECV).  These values were found as acceptable in an average 
between the best models of approximately 2.5%. The Limits of Detection for PLS methods 
were estimated using the equation 6 [40]: 



 
Multivariate Analysis in Management, Engineering and the Sciences 174 

4.2. Optical fiber probe raman spectroscopy experiments 

In the optical fibers coupled Raman spectrum of TEP, shown in Figure 11, the CWAS has 
characteristics peaks at 733 cm−1 (PO3 symmetric stretching mode), 813 cm−1 (PO3 
asymmetric stretch), 1032 and 1098 cm−1 (C–O stretch), 1162 cm−1 (CH3 rocking) and 1279 
cm−1 (P–O symmetric stretch) [6]. Mixtures of TEP with commercial liquids were measured 
in their corresponding commercials bottles.  TEP concentration varied from 0 to 100 (%v/v). 
In Figure 12, TEP Raman spectra are shown for different bottle materials. At all 
concentrations, the TEP characteristic peaks could be distinguished within the different 
types of materials of the container with the exception of brown glass and white plastic. 
These two bottle materials had lower transmittance in the 200 to 1400 cm-1 region and TEP 
characteristic peaks in the 2700 to 3200 cm-1region.  UV-VIS spectra (data not shown) show 
the increased absorbance in bottle materials such as white plastic and amber glass (Malta™).  
This confirms nature of the low intensity Raman peaks in the region (200-1400 cm-1) shown 
in Figure 12.  When light scatters turbid materials, such as amber glass or white plastic, the 
material is absorbing or blocking the light when compared to clear glass and clear plastic.  
Thickness of the bottle material and coloration also play a role in absorbance and transmission. 
The high intensity peak at 2300 cm-1 corresponds to the background light (mercury vapor from 
fluorescent lamps).  This peak is shown with higher intensity in Raman spectra of brown glass 
and white plastic in comparison to the rest of spectra due to the increase in integration time for 
these two bottle materials.  All bottle materials were subject to background light in order to 
simulate real-time conditions found in military, airport and other environments where a light 
source is involved.  This analysis is based on increased absorbance shown in the UV-VIS 
Spectra for different bottle materials (data not shown). 

  
Figure 11. Raman vibrational spectrum of TEP excited at 488 nm. 

Calibration models were performed with PLS regression model to distinguish between the 
samples that contain TEP in aqueous solutions compared to the solutions with TEP and the 
commercial product.  In Figure 13, eight PLS regression models are chosen in order to show 
the marked difference between the best and the worst regression model, each of these with 
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and without pre-processing steps.  Since integration times were normalized for each bottle, 
Limits of Detection were similar with the exception of amber/brown glass (Malta™). The 
aqueous solutions show a better R2 values than the mixtures with the commercial product. 
For clear glass (Snapple™), the R2 value is 0.9925 for aqueous solutions compared to 0.9747 
for the mixtures with the commercial product. The R2 values for Malta™ in aqueous 
solutions showed a significant increase with optimization (0.4193 without preprocessing and 
0.9508 with optimization). However, optimization with Malta™ shows a lower R2 value 
0.7646 compared to 0.8047 without preprocessing.   

 
Figure 12. Raman spectra of Triethyl Phosphate in various types of bottle materials 

It is clear that the R2 values increase in PLS regression models for aqueous solutions since 
water does not present strong signatures in Raman Spectroscopy. Every other PLS 
regression model (green plastic, green glass, clear plastic, clear glass, and white plastic) in 
aqueous and beverage solution presented nearly similar limits of detection.  Each of these 
limits improved with their respective preprocessing step (vector normalization, standard 
normal variate and mean centering).  With the help of integration time for each bottle 
material, normalization was achieved with the limits of detection and root-mean-squared 
error cross-validation (RMSECV).  These values were found as acceptable in an average 
between the best models of approximately 2.5%. The Limits of Detection for PLS methods 
were estimated using the equation 6 [40]: 
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 LOD=Δ (,,) x RMSEC(√1+h0)    (6) 

Root mean squared error of calibration (RMSEC) was obtained from the square fit errors 
[(cpredicted - ctrue)2/]1/2  where the sum extends to all samples of the calibration set. The degrees 
of freedom were then calculated as  = n - F - 1 where F is the number of latent variables and 
n is the number of samples in the set. The distance of the predicted sample from zero 
concentration to the calibration set’s mean is the leverage h0. Ultimately, Δ (,,) 
corresponds to a statistical parameter that notices the  and  probabilities of falsely stating 
presence/absence of the chemical warfare agent stimulant.  Since    25, we used  = 3.4 for 
the LOD. LOQ values as per Eq. 7 were studied at a concentration with a Relative Standard 
Deviation (RSD) of 15% as stated by Felipe-Sotelo et al. [40]:  

 LOQ = 100x(RMSECx(1 + h�)���RSD(%)      (7) 

 
Figure 13. A) PLS models of TEP in aqueous solution in Snapple™ container (clear glass materials) 
with (vector normalization) and without preprocessing.  B) PLS models of TEP in aqueous solution 
inside Malta™ container (amber glass materials) with (mean centering, standard normal variate) and 
without preprocessing. C) PLS models of TEP mixtures with the commercial product Snapple™ (clear 
glass materials) with (vector normalization) and without preprocessing.  D) PLS models of TEP 
mixtures with the commercial product Malta™ (amber glass materials) with (mean centering) and 
without preprocessing. 

Comparing limits of detection (Figure 13) the same integration times were used for aqueous 
and commercial beverage bottle solutions.  A and B (Figure 5) show Snapple™ and Malta™ 
in aqueous solutions with TEP. Figures 13C and 13D in the same figure show mixtures of 
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TEP with commercial products and with less data (5, 30, 70 and 0 %v/v) due to limited time. 
Snapple has lower limits of detection which is favorable for detection of chemical warfare 
stimulants in commercial bottles made out of various materials.  When comparing limits of 
detection for aqueous solutions versus solutions with commercial beverage product inside 
commercial bottles, limits of detection are considerably lower.  R2 prediction values were 
higher in aqueous solutions since water does not present significant Raman signal.  Limits of 
detection were found as low as 1 percent for white plastic.  Optimization also improves or 
lowers the limits of detection as shown in Figure 13.  

Table 2 shows Limits of Detection and Quantification (LOD and LOQ respectively) for 
various commercial beverage bottle solutions with TEP for the best models. Preprocessing 
options include Vector Normalization (V.N.), No preprocessing (N/A), Mean Centering 
(M.C.), Constant Offset Normalization (C.O.N.), First Derivative (F.D.) and Multiplicative 
Scatter Correction (M.S.C).  Higher limits of detection and quantification for amber glass 
and clear plastic were presented due to their dark coloration in bottle material (amber) and 
commercial beverage product (Pepsi and Malta).  An unexpected low value for limits of 
detection and quantification for white plastic was observed.   This may be due to the low 
amount of trials (5 instead of 10 for 5, 30, 50 and 70 (%v/v of TEP) as was done with other 
bottle materials due to the high integration times for this material. Even though TEP, a 
surfactant agent, did not present a homogeneous solution with milk, integration times were 
normalized in order to obtain a better model of a clear linear regression with an R2 value of 
0.9987 and excellent limits of detection of 0.01(1%). 
 

COMMERCIAL BEVERAGE MIXTURES 

 
Green GlassWhite Plastic Amber 

Glass
Clear Glass Clear Plastic Green Plastic 

LOD (%) 3 1 26 4 22 3 

LOQ (%) 8 3 77 11 66 9 

Preprocess V.N. V.N. N/A M.C. + V.N. C.O.N. M.S.C. + M.C. 

AQUEOUS MIXTURES 

LOD (%) 11 7 16 8 8 4 

LOQ (%) 33 21 48 22 25 12 

Preprocess V.N. F.D. + V.N. F.D. + V.N. V.N. V.N. N/A 

Table 2. Limits of Detection and Quantification for the PLS models of TEP in commercial beverage 
bottles and aqueous mixtures along with their respective preprocessing methods. 

4.3. Gas phase infrered spectroscopy experiments 

Multivariate calibration methods such as Partial Least Squares (PLS) models can be 
formulated as a regression equation [41, 42]. The equation in metrical form is Y = XB, where 
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Figure 13. A) PLS models of TEP in aqueous solution in Snapple™ container (clear glass materials) 
with (vector normalization) and without preprocessing.  B) PLS models of TEP in aqueous solution 
inside Malta™ container (amber glass materials) with (mean centering, standard normal variate) and 
without preprocessing. C) PLS models of TEP mixtures with the commercial product Snapple™ (clear 
glass materials) with (vector normalization) and without preprocessing.  D) PLS models of TEP 
mixtures with the commercial product Malta™ (amber glass materials) with (mean centering) and 
without preprocessing. 

Comparing limits of detection (Figure 13) the same integration times were used for aqueous 
and commercial beverage bottle solutions.  A and B (Figure 5) show Snapple™ and Malta™ 
in aqueous solutions with TEP. Figures 13C and 13D in the same figure show mixtures of 
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TEP with commercial products and with less data (5, 30, 70 and 0 %v/v) due to limited time. 
Snapple has lower limits of detection which is favorable for detection of chemical warfare 
stimulants in commercial bottles made out of various materials.  When comparing limits of 
detection for aqueous solutions versus solutions with commercial beverage product inside 
commercial bottles, limits of detection are considerably lower.  R2 prediction values were 
higher in aqueous solutions since water does not present significant Raman signal.  Limits of 
detection were found as low as 1 percent for white plastic.  Optimization also improves or 
lowers the limits of detection as shown in Figure 13.  

Table 2 shows Limits of Detection and Quantification (LOD and LOQ respectively) for 
various commercial beverage bottle solutions with TEP for the best models. Preprocessing 
options include Vector Normalization (V.N.), No preprocessing (N/A), Mean Centering 
(M.C.), Constant Offset Normalization (C.O.N.), First Derivative (F.D.) and Multiplicative 
Scatter Correction (M.S.C).  Higher limits of detection and quantification for amber glass 
and clear plastic were presented due to their dark coloration in bottle material (amber) and 
commercial beverage product (Pepsi and Malta).  An unexpected low value for limits of 
detection and quantification for white plastic was observed.   This may be due to the low 
amount of trials (5 instead of 10 for 5, 30, 50 and 70 (%v/v of TEP) as was done with other 
bottle materials due to the high integration times for this material. Even though TEP, a 
surfactant agent, did not present a homogeneous solution with milk, integration times were 
normalized in order to obtain a better model of a clear linear regression with an R2 value of 
0.9987 and excellent limits of detection of 0.01(1%). 
 

COMMERCIAL BEVERAGE MIXTURES 

 
Green GlassWhite Plastic Amber 

Glass
Clear Glass Clear Plastic Green Plastic 

LOD (%) 3 1 26 4 22 3 

LOQ (%) 8 3 77 11 66 9 

Preprocess V.N. V.N. N/A M.C. + V.N. C.O.N. M.S.C. + M.C. 

AQUEOUS MIXTURES 

LOD (%) 11 7 16 8 8 4 

LOQ (%) 33 21 48 22 25 12 

Preprocess V.N. F.D. + V.N. F.D. + V.N. V.N. V.N. N/A 

Table 2. Limits of Detection and Quantification for the PLS models of TEP in commercial beverage 
bottles and aqueous mixtures along with their respective preprocessing methods. 

4.3. Gas phase infrered spectroscopy experiments 

Multivariate calibration methods such as Partial Least Squares (PLS) models can be 
formulated as a regression equation [41, 42]. The equation in metrical form is Y = XB, where 
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B is computed as B = W(PTW)-1 QT  and W is the matrix of weights of X, Q is the loadings 
matrix of Y, and P is the X loadings matrix. In this study, the Y matrix represents the 
dependent variables but this is changed from continuous to discrete variation, and contains 
information about different classes of objects [43-45], it is a simple two states function: 1 
represents the condition for the presence of explosive in the sample and 0 stands for the 
absence of explosive in the sample analyzed. By these means it will be possible to decide if 
an explosive substance is present or not in a sample. The values originating from the 
analysis: wavenumber range or parts of spectra are the independent variables (X matrix). In 
this study the loading vectors or number of component (B matrix) were used for 
independent variables in the DA. 

TATP and 2,4-DNT in air were detected using FTIR spectroscopy. At trace levels, the 
vibrational signatures are not easily perceptible. Vibrational signatures of explosive can be 
confused with vibrations arising from the background air components. Thus the first task 
was to determine the possible interference of the two spectra.  Figures 14a and 14b show the 
spectra of flowing gas that contains TATP and 2,4-DNT traces. The characteristic infrared 
signals of TAPT at 1200 cm-1 and at 1550 cm-1 for 2,4-DNT can be observed in Figure 14 
which confirms the presence of these compounds in air. Linear Combination Analysis in the 
form of Partial Least Squares (PLS) was calculated for all FTIR spectra (7500-600 cm-1). Two 
and four vectors were required to find the perturbation produced by TATP and 2,4-DNT 
respectively, on the normal flowing air IR spectrum. The discriminating function used was a 
two position switch type function: On – Off (Yes/No). The nomenclature in the DA was for 
classification of samples in terms of “Disc-1=TATP present” or “Disc-0 = TATP not present” 
in air, for TATP; and “Disc-1 = 2,4-DNT present” or “Disc-0 = 2,4-DNT not present” in air, 
for 2,4-DNT. The results were presented in the form of histogram, where the y-axis is the 
frequency and x-axis is the discrimination function. Also the prediction of new sample was 
present in this form, (Figures 15 and 16) in these graphs, the improvement of models, when 
vectors are added successively is observed. 

 
Figure 14. FTIR vibrational spectra of gas explosive in air:  a. TATP and b. 2,4-DNT traces. 

The best discriminant function was selected based on statistical significance (p) and the 
percentage of cases correctly classified (PCCC) [46]. The validation was done by internal 
jackknifing validation and external validation. Internal validation: in this method, each 
spectrum was successively removed from the data set, and then it was discriminated from a 
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new model built from the remaining spectra. This procedure was done for each one of the 
spectra in the data set, and the predicted discriminations were then compared with the 
experimental observations. The generated percentage of cases correctly classified is called 
the cross-percentage of cases correctly classified (PCCCC). External validation: before 
making the model, 100 spectra of air, 100 spectra air with TATP and 50 spectra air with 2,4-
DNT were taken from the data set randomly. These spectra were analyzed by the validation 
model. 

 
Figure 15. Histogram for discrimination models of TATP and external validation. 

For the PCA analysis of TATP in air spectra were recorded using the EM-27 and the 
LaserScope™ instruments. A total of 60 spectra were recorded from clean air and 120 
spectra from air with TATP present using EM-27 and 35 spectra were recorded from clean 
air and 30 spectra from TATP present in air using LaserScope™. All PCA analysis including 
any preprocessing in the spectral data were run using PLS-Toolbox software. PCA runs 
were made with the raw data and using different preprocessing treatments. The 
preprocessing treatments used were: auto scale, smoothing, SNV-standard normal variation, 
Mean center, auto scale + 1st derivate, auto scale + 2nd derivate, mean center + 1st derivate, 
mean center + 2nd derivative, MSC-multiplicative scattering correction. The algorithm used 
to carryout smoothing and derivatives was that ofSavitzky-Golay (every 11, 17, 21 and 31 
points). During the PCA runs it was not necessary to eliminate spectral data.  

The infrared data from clean air and air with TATP were run together in the PCA model for 
each instrument used. Figure 17 shows the Scores plots for the PCA obtained. Figure 17a 
shows the first two principal components from spectral data using the EM-27 FTIR 
spectrometer with a Globar source Figure 17b shows the first two principal component 
analyses from spectral data of TATP detection from LaserScope™ spectrometer using 
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B is computed as B = W(PTW)-1 QT  and W is the matrix of weights of X, Q is the loadings 
matrix of Y, and P is the X loadings matrix. In this study, the Y matrix represents the 
dependent variables but this is changed from continuous to discrete variation, and contains 
information about different classes of objects [43-45], it is a simple two states function: 1 
represents the condition for the presence of explosive in the sample and 0 stands for the 
absence of explosive in the sample analyzed. By these means it will be possible to decide if 
an explosive substance is present or not in a sample. The values originating from the 
analysis: wavenumber range or parts of spectra are the independent variables (X matrix). In 
this study the loading vectors or number of component (B matrix) were used for 
independent variables in the DA. 

TATP and 2,4-DNT in air were detected using FTIR spectroscopy. At trace levels, the 
vibrational signatures are not easily perceptible. Vibrational signatures of explosive can be 
confused with vibrations arising from the background air components. Thus the first task 
was to determine the possible interference of the two spectra.  Figures 14a and 14b show the 
spectra of flowing gas that contains TATP and 2,4-DNT traces. The characteristic infrared 
signals of TAPT at 1200 cm-1 and at 1550 cm-1 for 2,4-DNT can be observed in Figure 14 
which confirms the presence of these compounds in air. Linear Combination Analysis in the 
form of Partial Least Squares (PLS) was calculated for all FTIR spectra (7500-600 cm-1). Two 
and four vectors were required to find the perturbation produced by TATP and 2,4-DNT 
respectively, on the normal flowing air IR spectrum. The discriminating function used was a 
two position switch type function: On – Off (Yes/No). The nomenclature in the DA was for 
classification of samples in terms of “Disc-1=TATP present” or “Disc-0 = TATP not present” 
in air, for TATP; and “Disc-1 = 2,4-DNT present” or “Disc-0 = 2,4-DNT not present” in air, 
for 2,4-DNT. The results were presented in the form of histogram, where the y-axis is the 
frequency and x-axis is the discrimination function. Also the prediction of new sample was 
present in this form, (Figures 15 and 16) in these graphs, the improvement of models, when 
vectors are added successively is observed. 

 
Figure 14. FTIR vibrational spectra of gas explosive in air:  a. TATP and b. 2,4-DNT traces. 

The best discriminant function was selected based on statistical significance (p) and the 
percentage of cases correctly classified (PCCC) [46]. The validation was done by internal 
jackknifing validation and external validation. Internal validation: in this method, each 
spectrum was successively removed from the data set, and then it was discriminated from a 
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new model built from the remaining spectra. This procedure was done for each one of the 
spectra in the data set, and the predicted discriminations were then compared with the 
experimental observations. The generated percentage of cases correctly classified is called 
the cross-percentage of cases correctly classified (PCCCC). External validation: before 
making the model, 100 spectra of air, 100 spectra air with TATP and 50 spectra air with 2,4-
DNT were taken from the data set randomly. These spectra were analyzed by the validation 
model. 

 
Figure 15. Histogram for discrimination models of TATP and external validation. 

For the PCA analysis of TATP in air spectra were recorded using the EM-27 and the 
LaserScope™ instruments. A total of 60 spectra were recorded from clean air and 120 
spectra from air with TATP present using EM-27 and 35 spectra were recorded from clean 
air and 30 spectra from TATP present in air using LaserScope™. All PCA analysis including 
any preprocessing in the spectral data were run using PLS-Toolbox software. PCA runs 
were made with the raw data and using different preprocessing treatments. The 
preprocessing treatments used were: auto scale, smoothing, SNV-standard normal variation, 
Mean center, auto scale + 1st derivate, auto scale + 2nd derivate, mean center + 1st derivate, 
mean center + 2nd derivative, MSC-multiplicative scattering correction. The algorithm used 
to carryout smoothing and derivatives was that ofSavitzky-Golay (every 11, 17, 21 and 31 
points). During the PCA runs it was not necessary to eliminate spectral data.  

The infrared data from clean air and air with TATP were run together in the PCA model for 
each instrument used. Figure 17 shows the Scores plots for the PCA obtained. Figure 17a 
shows the first two principal components from spectral data using the EM-27 FTIR 
spectrometer with a Globar source Figure 17b shows the first two principal component 
analyses from spectral data of TATP detection from LaserScope™ spectrometer using 
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Quantum Cascade Laser Source. The best results achieved for both PCA models (illustrated 
in Figures 17a and 17b) were using raw data.  Both results allowed classifying gas phase 
TATP explosive from clean air. In Figure 17 can be noticed that PC1 tends to relate the 
differences between the IR dataset two. 

 
Figure 16. Histogram for discrimination models of 2,4-DNT and external validation. 
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Figure 17. Score plots for the PCA, presented as (a) PC2 vs. PC1 for TATP detection from EM-27 FTIR 
spectrometer using Globar source and (b) PC2 vs. PC1 for TATP detection from LaserScope™ 
spectrometer using QCL source.  

Other hand, the loadings plot were analyzed too to support the results from PCA with the 
finality of knowing which spectral signals cause differences between the dataset. Figure 18 
shows the PC1 loading from Figure 17b, in this it can be seen than the spectral features are 
equal to infrared vibrational signal of reference TATP. Some signal recording can be 
tentatively assigned according to B. Brauer and J. Oxley as [47,48]: 891.8 cm-1 to O–C–O and 
Me–C–Me sym str, and Me–C–O asym str; 946 cm-1 to C-O str;  1197.6 cm-1 to O–C–O and 
Me–C–Me asym str, Me–C–O sym str; 1205 cm-1 to O–C–O and Me–C–Me sym str and 
finally 1234 cm-1 to C-C str, 

 
Figure 18. Figure 18.  Loading plot for PC1 from PCA for TATP detection from LaserScope™ 
spectrometer using QCL source.  

4.4. Quantum cascade laser based ir reflectance experiments 

OPUS 6.0 Software (Bruker Optics, Billerica, MA, USA) was used to analyze the data 
obtained. Four spectra were obtained for each sample. The spectra were carried out using as 
backgrounds: substrate without explosive. PLS was applied to the data using different 
preprocessing treatments:  raw data, auto scale. Mean center, auto scale + 1st derivative, 
auto scale + 2nd derivative, mean center + 1st derivative, mean center + 2nd derivative. The 
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Quantum Cascade Laser Source. The best results achieved for both PCA models (illustrated 
in Figures 17a and 17b) were using raw data.  Both results allowed classifying gas phase 
TATP explosive from clean air. In Figure 17 can be noticed that PC1 tends to relate the 
differences between the IR dataset two. 

 
Figure 16. Histogram for discrimination models of 2,4-DNT and external validation. 
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Figure 17. Score plots for the PCA, presented as (a) PC2 vs. PC1 for TATP detection from EM-27 FTIR 
spectrometer using Globar source and (b) PC2 vs. PC1 for TATP detection from LaserScope™ 
spectrometer using QCL source.  

Other hand, the loadings plot were analyzed too to support the results from PCA with the 
finality of knowing which spectral signals cause differences between the dataset. Figure 18 
shows the PC1 loading from Figure 17b, in this it can be seen than the spectral features are 
equal to infrared vibrational signal of reference TATP. Some signal recording can be 
tentatively assigned according to B. Brauer and J. Oxley as [47,48]: 891.8 cm-1 to O–C–O and 
Me–C–Me sym str, and Me–C–O asym str; 946 cm-1 to C-O str;  1197.6 cm-1 to O–C–O and 
Me–C–Me asym str, Me–C–O sym str; 1205 cm-1 to O–C–O and Me–C–Me sym str and 
finally 1234 cm-1 to C-C str, 

 
Figure 18. Figure 18.  Loading plot for PC1 from PCA for TATP detection from LaserScope™ 
spectrometer using QCL source.  

4.4. Quantum cascade laser based ir reflectance experiments 

OPUS 6.0 Software (Bruker Optics, Billerica, MA, USA) was used to analyze the data 
obtained. Four spectra were obtained for each sample. The spectra were carried out using as 
backgrounds: substrate without explosive. PLS was applied to the data using different 
preprocessing treatments:  raw data, auto scale. Mean center, auto scale + 1st derivative, 
auto scale + 2nd derivative, mean center + 1st derivative, mean center + 2nd derivative. The 

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

-0.06

-0.04

-0.02

0

0.02

0.04

0.06

0.08

0.1

0.12

875 930 985 1040 1095 1150 1205 1260 1315 1370

Ab
so

rb
an

ce
 R

ef
. T

AT
P

Lo
ad

in
g

Wavenumber/cm-1

PC 1 (47.59%)
reference TATP



 
Multivariate Analysis in Management, Engineering and the Sciences 182 

spectral range was 1000-1600 cm-1. PLS shown below was that best results obtained. Figure 
19 shows PLS plots of RDX deposited on TB. The best result was achieved using the spectral 
region of 1000-160 cm-1 and using mean centering as preprocessing. A total of 10 latent 
variables or factors were necessary to obtain a R2 and RMSECV equal to 0.9915 and 2.32 
g/cm2, respectively. 

 
Figure 19. PLS of RDX on travel baggage (TB) as substrate. 

Figure 20 shows PLS of PETN deposited on TB. The best resulted was achieved using the 
spectral region of 1000-1600 cm-1 and using mean centering as preprocessing treatment. A 
total of 10 latent variables or factors were necessary to obtain a R2 and RMSECV equal to 
0.9994 and 1.82 g/cm2, respectively.  

 
Figure 20. PLS of PETN on Travel Baggage as substrate.  
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5. Conclusion 

Raman and infrared vibrational techniques were used for the detection of highly energetic 
materials and chemical warfare agents simulants in different matrices such as 
pharmaceutical mix, commercials bottles and travel baggage. The analysis of the spectral 
data allows emphasizing certain results. Satisfactory results were found for the 
quantification of explosives with good values of R2cv, RMSECV. Reliable predictions 
obtained by remote sensing based on Raman spectroscopy at remote distance of 10 m 
employing 532 nm laser as excitation source. Remote Raman system using the appropriate 
chemometrics tools such as PLS, iPLS and siPLS promises to be a reliable technique for 
finding the existence of highly energetic material such as PETN deliberately hidden in 
matrices with similar chemical structures. 

Partial Least Squares (PLS) calibration models reported limits of detection very low for 
white plastic in commercial beverage bottle solutions which was the best model.  Due to the 
bottle material and commercial beverage product coloration, Malta was the worst model 
with reported limits of detection more elevated. Limits of Detection and Quantification for 
commercial bottles were compared in aqueous and mixtures.  It is observed that limits of 
Detection were significantly lower for mixtures of TEP with the commercial product.  
Integration times were the same for both aqueous and commercial beverage bottle solutions 
(each normalized with respect to bottle material, color and thickness).  Water does not 
transmit significant Raman signal, which would make limits of detection lower for aqueous 
solutions.  However, commercial beverage bottles mixtures showed lower limits of detection 
than aqueous solution since the beverage solutions inside each bottle showed significant 
Raman signal and, therefore, increasing CWAS presence in the spectra. 

PLS-DA model and discriminant analysis was done to detect TATP and 2,4-DNT traces in 
fluid air. The region of 600 to 7500 cm-1 was highly significant in the discrimination with p < 
0.00001 and 100 % discrimination for two vectors for TATP and four vectors for 2,4-DNT. 
These results show the ability of the Chemometrics methods to discriminate between vapor 
phase explosive (2,4-DNT) and air. 

Results obtained from principal component analysis to determine the presence of peroxides 
explosives such as TATP when they are in gas phase mixed with air shown be useful for 
distinction between TATP vapors and air. The principal component analysis from infrared 
spectral data used little PC for predict the variability of the spectral data, being the first two PC 
more important. PC1 loadings confirm the results from the PCA because it contained features 
from TATP spectrum. Other hand, the PLS model were shown chemometrics tool for quantify 
explosive such as RDX and PETN on substrate of the real world such as travel baggage. 

In general, vibrational spectroscopy systems designed based on this work should be useful 
for National Defense and Security applications, for screening hazardous liquids in 
government installations, seaports and in public installations to improve defense against 
terrorist attacks. 
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5. Conclusion 

Raman and infrared vibrational techniques were used for the detection of highly energetic 
materials and chemical warfare agents simulants in different matrices such as 
pharmaceutical mix, commercials bottles and travel baggage. The analysis of the spectral 
data allows emphasizing certain results. Satisfactory results were found for the 
quantification of explosives with good values of R2cv, RMSECV. Reliable predictions 
obtained by remote sensing based on Raman spectroscopy at remote distance of 10 m 
employing 532 nm laser as excitation source. Remote Raman system using the appropriate 
chemometrics tools such as PLS, iPLS and siPLS promises to be a reliable technique for 
finding the existence of highly energetic material such as PETN deliberately hidden in 
matrices with similar chemical structures. 

Partial Least Squares (PLS) calibration models reported limits of detection very low for 
white plastic in commercial beverage bottle solutions which was the best model.  Due to the 
bottle material and commercial beverage product coloration, Malta was the worst model 
with reported limits of detection more elevated. Limits of Detection and Quantification for 
commercial bottles were compared in aqueous and mixtures.  It is observed that limits of 
Detection were significantly lower for mixtures of TEP with the commercial product.  
Integration times were the same for both aqueous and commercial beverage bottle solutions 
(each normalized with respect to bottle material, color and thickness).  Water does not 
transmit significant Raman signal, which would make limits of detection lower for aqueous 
solutions.  However, commercial beverage bottles mixtures showed lower limits of detection 
than aqueous solution since the beverage solutions inside each bottle showed significant 
Raman signal and, therefore, increasing CWAS presence in the spectra. 

PLS-DA model and discriminant analysis was done to detect TATP and 2,4-DNT traces in 
fluid air. The region of 600 to 7500 cm-1 was highly significant in the discrimination with p < 
0.00001 and 100 % discrimination for two vectors for TATP and four vectors for 2,4-DNT. 
These results show the ability of the Chemometrics methods to discriminate between vapor 
phase explosive (2,4-DNT) and air. 

Results obtained from principal component analysis to determine the presence of peroxides 
explosives such as TATP when they are in gas phase mixed with air shown be useful for 
distinction between TATP vapors and air. The principal component analysis from infrared 
spectral data used little PC for predict the variability of the spectral data, being the first two PC 
more important. PC1 loadings confirm the results from the PCA because it contained features 
from TATP spectrum. Other hand, the PLS model were shown chemometrics tool for quantify 
explosive such as RDX and PETN on substrate of the real world such as travel baggage. 

In general, vibrational spectroscopy systems designed based on this work should be useful 
for National Defense and Security applications, for screening hazardous liquids in 
government installations, seaports and in public installations to improve defense against 
terrorist attacks. 
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1. Introduction 

Fourier transform infrared (FTIR) spectroscopy is a label-free and non invasive technique 
that exerts an enormous attraction in biology and medicine, since it allows to obtain in a 
rapid way a biochemical fingerprint of the sample under investigation, giving information 
on its main biomolecule content. This spectroscopic tool is successfully applied not only to 
the study of the structural properties of isolated biomolecules, such as proteins, nucleic 
acids, lipids, and carbohydrates, but also to the characterization of complex biological 
systems, for instance intact cells, tissues, and whole model organisms.  

In particular, FTIR microspectroscopy, obtained by the coupling of an infrared microscope 
to a FTIR spectrometer, makes it possible to collect the IR spectrum from a selected sample 
area down to ~ 20 microns x 20 microns when conventional IR source and detector are 
employed, and down to of a few micrometers when more specialized and sensitive detectors 
and the highly brilliant synchrotron light source are used. In this way, FTIR 
microspectroscopy provides detailed information on several biological processes in situ, 
among which stem cell differentiation [1-5], somatic cell reprogramming [6], cell maturation 
[7, 8], amyloid aggregation [9-12] and cancer onset and progression [13-15], making it 
possible to disclose the infrared response not only from single cells, but also from 
subcellular compartments [8, 16, 17]. 

The FTIR spectra of biological systems are very complex since they consist of the 
overlapping absorption of the main biomolecules; for this reason, to pull out the significant 
and non-redundant information contained in the spectra it is necessary to apply an 
appropriate multivariate analysis, able to process very high-dimensional data. This is even 
more crucial when time-dependent biological processes, such as cell maturation or 
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differentiation, are studied. Indeed, in this case it is fundamental to be able to extract from 
the spectral data the relevant information of the process you are investigating [18-21].  

In Figure 1 we schematized the procedure that should be followed to successfully tackle the 
FTIR characterization of complex biological systems. 

 
Figure 1. Scheme of the FTIR approach to study complex biological systems. The IR absorption spectra 
are analysed by resolution enhancement approaches (e.g. second derivatives) to resolve the overlapped 
absorption components and to monitor their variations during the process under investigation. The 
spectroscopic results are validated by an appropriate multivariate analysis approach, to identify firstly 
specific marker bands of the studied process. The interpretation of the spectroscopic data should be 
then confirmed by standard biochemical assays. 

Several multivariate analysis approaches exist and for the scope of this book they can be 
divided into two main categories: regression and classification techniques. In the first 
category fall all methods that allow to derive a model describing the relationship between 
two sets of variables. The second category includes techniques to split observations into 
groups or classes. 

In this chapter, we will firstly introduce the most widely used multivariate analysis 
approaches in the field of spectroscopy.  

We will then illustrate the basic principles and experimental details for the application of 
principal component - linear discriminant analysis (PCA-LDA) to the analysis of FTIR 
spectral data of complex biological systems. The potential of these combined tools will be 
described on illustrative examples of cell biological process studies. In particular, we will 
discuss in details its application on our FTIR study of murine oocytes characterized by two 
different types of chromatin organisation around the nucleolus, strongly affecting their 
development after fertilization. In this case, PCA-LDA analysis made it possible to identify 
not only the maturation stage in which the fate separation between the two kinds of oocytes 
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occurred, but also to disclose the most significant cellular processes responsible for the 
different oocyte destiny, thus validating the visual inspection of the infrared spectra [7].  

2. FTIR microspectroscopy of complex biological systems 

Fourier transform infrared (FTIR) microspectroscopy is a powerful technique that allows to 
obtain a molecular fingerprint of the sample under investigation in a rapid and non-invasive 
way. In the case of complex biological systems it provides simultaneously, in a single 
measurement, information on the main biomolecules, such as lipids, proteins, nucleic acids, 
and carbohydrates, requiring also a very limited amount of sample. For these reasons, it 
became recently a very attracting tool for biomedical research [20, 22-24], being successfully 
employed for the study of several biological systems, from intact cells [6, 7, 25] to tissues [11, 
26, 27] and whole model organisms (i.e. the nematode Caenorhabditis elegans) [9, 28].  

As an example, in Figure 2 it is reported the FTIR absorption spectrum of a single intact 
murine oocyte. As shown, its IR response is very complex, being due to the absorption of the 
main biomolecules. In particular, between 3050 - 2800 cm-1 and 1500 - 1350 cm-1 the 
absorption of the lipid acyl chains occurs, while around 1740 cm-1 the ester carbonyl absorbs 
[29]. Moreover, the amide I and amide II bands - mainly due to the C=O stretching and the 
NH bending of the peptide bond respectively - give information on the protein secondary 
structure [30], while the spectral range between 1000 and 800 cm-1 is very informative on 
nucleic acid absorption, since it is due in particular to sugar vibrations sensitive to their 
conformation and to backbone vibrational modes [31, 32]. Finally, we should also mention 
the very complex spectral range between 1250 - 1000 cm-1, mainly due to phosphodiester 
groups of nucleic acids and phospholipids and to the C-O absorption of glycogen and other 
carbohydrates [31, 33, 34]. 

Making it possible to obtain a sample biochemical fingerprint in a rapid and non destructive 
way, FTIR microspectroscopy is widely applied to the in situ characterization of cellular 
processes, such as cell maturation, differentiation, and reprogramming [3, 5-7, 25, 35], and to 
the detection of several diseases, as, for instance, cancer [13-15] and neurodegenerative 
disorders [10, 11], whose onset is accompanied by changes in the composition and structure 
of several biomolecules. 

Since water has a strong absorption in the mid-infrared spectral range, samples have to be 
dried rapidly before IR measurements, in particular when working in transmission mode 
(see for details the following paragraph). The suitability of such “dry-fixing” has been 
proved by Raman spectroscopy, a vibrational tool complementary to FTIR, whose response 
is not affected by water. In particular, Raman measurements performed on differentiating 
human embryonic stem cells, hydrated and dry-fixed, demonstrated that the rapid 
desiccation didn’t affect the spectroscopic response of the main biomolecules. Indeed, in 
both cases the same temporal pattern of the differentiation marker bands - due to 
tryptophan, nucleic acid backbone and base vibrations - was observed during the biological 
process under investigation [36]. 
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Figure 2. FTIR absorption spectrum of a single intact murine oocyte. The measured absorption 
spectrum of a single intact murine oocyte (surrounded nucleolus, MI 10 H) is reported without any 
corrections. The oocyte - deposited on a BaF2 window - was measured in transmission by the IR 
microscope UMA 500, coupled to the FTIR spectrometer FTS 40A (both from Digilab), at a resolution of 
2 cm-1. The absorption regions of the main biomolecules are indicated. 

We should add that to obtain reliable results on the studied process it is crucial to 
standardize firstly the sample preparation, since - for instance - metabolic changes due to 
cell aging could result in significant spectral changes that could, in turn, hide the IR 
response specifically due to the process of interest, as it has been recently reported in the 
literature [37]. For these reasons, it is fundamental to check accurately the stage of cell 
growth in culture before performing spectroscopic measurements. 

We should also briefly mention that, before spectral analyses, the measured IR spectra could 
require some corrections due to artifacts that can interfere with the spectroscopic response. 
For instance, single cells, or subcellular compartments, or particles of the size of the same 
order of that of the incident infrared light (�3-10 microns) could give rise to Mie scattering, 
that significantly distorts the measured spectrum, causing misinterpretation of the results. 
For this reason, before further analyses, it is strongly recommended to correct the measured 
spectra with opportune algorithms specifically developed to this aim [38]. 

Since the IR spectra of complex biological systems are due to the overlapping spectral 
features of multiple components, their analysis requires often the employment of resolution 
enhancement procedures to better resolve their absorption bands, an essential prerequisite 
for the identification of peak positions and their assignment to the vibrational modes of the 
different molecules. Among these, second derivative analysis is widely applied, as described 
in [39]. Since second derivative band intensity is inversely proportional to the square of the 
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original band half-width, this procedure introduces an enhancement of sharp lines, as those 
due to vapour and noise. For this reason, this analysis requires spectral data free of vapour 
absorption and with excellent signal to noise ratio.  

Furthermore, due to the intrinsic complexity of biological systems, their spectral analysis 
requires the support of appropriate multivariate analysis approaches able to tackle the study 
of high-dimensional data, to verify firstly the reproducibility of the results and then to 
extract the most significant spectral information [18-21] (see for details paragraph 4).  

3. FTIR microspectroscopy: Technical considerations 

FTIR microspectroscopy is realized coupling to a FTIR spectrometer an infrared microscope 
characterized by an all reflecting optics, since typical lenses and condensers of visible 
microscopy - being made of glass, not transparent to the IR radiation - cannot be employed. 

The main advantage of FTIR microspectroscopy is that it offers the possibility to study 
selected areas of the sample under investigation, resulting particularly useful in the case of 
systems characterized by an intrinsic heterogeneity, such as biological systems.  

Two main types of IR microscopy exist, depending on the detector employed, and both 
equipped with an IR thermal source (globar), whose spatial resolution is diffraction-limited.  

The first, conventional, generally equipped with a nitrogen cooled mercury cadmium 
telluride (MCT) detector, makes it possible to measure IR absorption spectra from a 
microvolume within the sample, selected by a variable aperture of the microscope, whose 
side can be adjusted down to a few tens of microns.  

The second type of IR microscope, more advanced, is equipped with a focal plane array 
(FPA), consisting of an array of infrared detector elements, that enables not only to collect 
the IR absorption spectrum of the sample, but also an IR chemical imaging, where the image 
contrast is given by the response of selected sample regions to particular IR wavenumbers. 
Depending mainly on the detection array, the spatial resolution in this kind of microscopy is 
approximately between 20 and 5 microns, making it possible to reach, therefore, a resolution 
near to the diffraction limit. 

We should, however, add that the use of a synchrotron IR light source, with a brightness of 
at least two orders of magnitude higher than that of a conventional thermal source, makes it 
possible to achieve diffraction-limited spatial resolution with enhanced signal-to-noise ratio. 
In this way, synchrotron light could allow to explore the IR spectra at the subcellular level. 

A final remark should be done concerning the spectral acquisition mode. Indeed, infrared 
measurements can be mainly performed in transmission, reflectance or attenuated total 
reflection (ATR) mode. Typically, measurements on complex biological systems are 
performed in transmission mode, using appropriate IR transparent supports for the 
deposition of the sample, such as BaF2, CaF2, ZnSe. In this case, the IR beam goes through 
the sample, that - depending mainly on its molar extinction coefficient - should have a 
uniform thickness, not exceeding 15-20 microns. 
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For this reason, before further analyses, it is strongly recommended to correct the measured 
spectra with opportune algorithms specifically developed to this aim [38]. 

Since the IR spectra of complex biological systems are due to the overlapping spectral 
features of multiple components, their analysis requires often the employment of resolution 
enhancement procedures to better resolve their absorption bands, an essential prerequisite 
for the identification of peak positions and their assignment to the vibrational modes of the 
different molecules. Among these, second derivative analysis is widely applied, as described 
in [39]. Since second derivative band intensity is inversely proportional to the square of the 
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original band half-width, this procedure introduces an enhancement of sharp lines, as those 
due to vapour and noise. For this reason, this analysis requires spectral data free of vapour 
absorption and with excellent signal to noise ratio.  

Furthermore, due to the intrinsic complexity of biological systems, their spectral analysis 
requires the support of appropriate multivariate analysis approaches able to tackle the study 
of high-dimensional data, to verify firstly the reproducibility of the results and then to 
extract the most significant spectral information [18-21] (see for details paragraph 4).  

3. FTIR microspectroscopy: Technical considerations 

FTIR microspectroscopy is realized coupling to a FTIR spectrometer an infrared microscope 
characterized by an all reflecting optics, since typical lenses and condensers of visible 
microscopy - being made of glass, not transparent to the IR radiation - cannot be employed. 

The main advantage of FTIR microspectroscopy is that it offers the possibility to study 
selected areas of the sample under investigation, resulting particularly useful in the case of 
systems characterized by an intrinsic heterogeneity, such as biological systems.  

Two main types of IR microscopy exist, depending on the detector employed, and both 
equipped with an IR thermal source (globar), whose spatial resolution is diffraction-limited.  

The first, conventional, generally equipped with a nitrogen cooled mercury cadmium 
telluride (MCT) detector, makes it possible to measure IR absorption spectra from a 
microvolume within the sample, selected by a variable aperture of the microscope, whose 
side can be adjusted down to a few tens of microns.  

The second type of IR microscope, more advanced, is equipped with a focal plane array 
(FPA), consisting of an array of infrared detector elements, that enables not only to collect 
the IR absorption spectrum of the sample, but also an IR chemical imaging, where the image 
contrast is given by the response of selected sample regions to particular IR wavenumbers. 
Depending mainly on the detection array, the spatial resolution in this kind of microscopy is 
approximately between 20 and 5 microns, making it possible to reach, therefore, a resolution 
near to the diffraction limit. 

We should, however, add that the use of a synchrotron IR light source, with a brightness of 
at least two orders of magnitude higher than that of a conventional thermal source, makes it 
possible to achieve diffraction-limited spatial resolution with enhanced signal-to-noise ratio. 
In this way, synchrotron light could allow to explore the IR spectra at the subcellular level. 

A final remark should be done concerning the spectral acquisition mode. Indeed, infrared 
measurements can be mainly performed in transmission, reflectance or attenuated total 
reflection (ATR) mode. Typically, measurements on complex biological systems are 
performed in transmission mode, using appropriate IR transparent supports for the 
deposition of the sample, such as BaF2, CaF2, ZnSe. In this case, the IR beam goes through 
the sample, that - depending mainly on its molar extinction coefficient - should have a 
uniform thickness, not exceeding 15-20 microns. 
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Moreover, in reflectance mode - where the sample is placed onto proper reflective slides - 
the IR beam passes the sample, is reflected by the slide, and passes the sample again. In 
particular, the sample slides reflect mid-infrared radiation almost completely and usually 
are also transparent to visible light, allowing sample inspection by a conventional light 
microscope. This approach is, for instance, useful for tissue characterizations.  

Finally, in the ATR approach, where the sample is placed into contact with a higher 
refractive index and an IR transparent element (mainly germanium and diamond), samples 
with higher thickness than in transmission can be processed. In particular, the IR beam 
reaches the interface between the ATR support and the sample at an angle larger than that 
corresponding to the total reflection. In this way the beam is totally reflected by the interface 
and penetrates into the sample as an evanescent wave, where it can be absorbed. The beam 
penetration depth is of the order of the IR wavelength (a few micrometers) and depends on the 
wavelength, the incident angle, as well as on the refractive indices of the sample and of the 
ATR element. Furthermore, it should be noted that this kind of approach makes it possible to 
measure also samples not necessarily deposited onto an IR transparent support, as in ATR 
measurements it is only required that the sample be in close contact with the ATR element.  

For a review of the technical aspects of FTIR microspectroscopy, see [40-42]. 

4. Multivariate analyses 

4.1. Introduction to multivariate analysis 

Several phenomena can only be described or explained by taking into account several 
variables at the same time. These cases represent the realm of the Multivariate statistical 
analysis (MVA).  

We now define the structure of our data that will be kept throughout the text for all 
described techniques. For a given phenomenon we perform a certain measurement and 

store the value in a uni- or multivariate variable called  1 ... T
2 my ,y , ,yy , where m is the 

number of independent variables. The same measurement can be repeated several times on 
the same sample or on different samples. We then define a group as a collection of two or 
more replica of the same experiment and we also define the term instance or observation to 
refer to a specific experiment within one group.  

Each instance associated to the variable y is stored in a matrix Y composed of n rows (the 
observations) and m columns (the independent variables).  

  11 12 1 1 2

1 1

, ,..., T
m n

n n nm

y y ... y =

y y ... y

 
 
 
 
 

Y y y y
   

 (1) 

Each element of matrix Y can be indicated as ijy  where i indicate the observation and j is an 

independent variable. In some cases we want to find or explain the relationship between the 
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independent variables Y and another set of uni- or multivariate variables Z. Similarly to the 
Y matrix, the matrix Z has n rows, one for each observation and m columns, the dependent 
variables. 

  11 12 1m 1 2... , ,...,

...

T
n

n1 n1 nm

= z z z =

z z z

 
 
 
 
 

Z z z z
   

 (2) 

The matrix Y (composed of the independent variables y) represents the only input for 
several multivariate techniques described here; in some other cases the matrices Y and Z 
(composed of the dependent variables z) are both required. 

In the following part, we will make a distinction between regression and classification 
techniques. However, it should be clear that the separation between these two domains is 
not always sharp and the same technique can be either used for regression or for 
classification purposes. 

4.2. Multivariate regression techniques 

4.2.1. Linear Multivariate Regression (LMVR) 

LMVR (or MLR) can be used to model linear relationships between one or more z 
(dependent variable) and one or more y (independent variable). In the most general case, we 
have n independent multivariate variables y represented by the matrix Y and the 
corresponding response multivariate variable z, stored in the matrix Z.  

The LMVR is based, as many other statistical techniques, on the generalized linear model: 
 = +Z βY ε  where β  is a matrix containing the parameters to be estimated, and ε is a matrix 

which models the errors or noise. The coefficients β  are usually estimated using the 
ordinary least square, which consists of minimizing the sum of the square differences of the 
n observed y's from their modeled values. Mathematically, the optimal values of β are 

obtained by   1T T=


β Y Y Y Z . To apply the least square method we must have n - 1 > m (e.g. 

the number of observation must be larger than the number of variables, which is often not 
the case), otherwise the matrix TY Y  is singular and cannot be inverted. Another common 
problem is the correlation between variables; more specifically, none of the independent 
variables must be a linear combination of any other. This phenomenon is called 
“multicollinearity” [43, 44] and it will be explained in more details in section 4.2.3. 

4.2.2. Non-Linear Multivariate Regression (NLMVR) 

In some cases linear models cannot be used and one could try to apply non-linear models.  

Common models which frequently apply to natural phenomena are the exponentials 
(which, indeed, is a transformed linear model. A linear model can be applied upon on the 
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Moreover, in reflectance mode - where the sample is placed onto proper reflective slides - 
the IR beam passes the sample, is reflected by the slide, and passes the sample again. In 
particular, the sample slides reflect mid-infrared radiation almost completely and usually 
are also transparent to visible light, allowing sample inspection by a conventional light 
microscope. This approach is, for instance, useful for tissue characterizations.  

Finally, in the ATR approach, where the sample is placed into contact with a higher 
refractive index and an IR transparent element (mainly germanium and diamond), samples 
with higher thickness than in transmission can be processed. In particular, the IR beam 
reaches the interface between the ATR support and the sample at an angle larger than that 
corresponding to the total reflection. In this way the beam is totally reflected by the interface 
and penetrates into the sample as an evanescent wave, where it can be absorbed. The beam 
penetration depth is of the order of the IR wavelength (a few micrometers) and depends on the 
wavelength, the incident angle, as well as on the refractive indices of the sample and of the 
ATR element. Furthermore, it should be noted that this kind of approach makes it possible to 
measure also samples not necessarily deposited onto an IR transparent support, as in ATR 
measurements it is only required that the sample be in close contact with the ATR element.  

For a review of the technical aspects of FTIR microspectroscopy, see [40-42]. 

4. Multivariate analyses 

4.1. Introduction to multivariate analysis 

Several phenomena can only be described or explained by taking into account several 
variables at the same time. These cases represent the realm of the Multivariate statistical 
analysis (MVA).  

We now define the structure of our data that will be kept throughout the text for all 
described techniques. For a given phenomenon we perform a certain measurement and 

store the value in a uni- or multivariate variable called  1 ... T
2 my ,y , ,yy , where m is the 

number of independent variables. The same measurement can be repeated several times on 
the same sample or on different samples. We then define a group as a collection of two or 
more replica of the same experiment and we also define the term instance or observation to 
refer to a specific experiment within one group.  

Each instance associated to the variable y is stored in a matrix Y composed of n rows (the 
observations) and m columns (the independent variables).  
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Each element of matrix Y can be indicated as ijy  where i indicate the observation and j is an 

independent variable. In some cases we want to find or explain the relationship between the 
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independent variables Y and another set of uni- or multivariate variables Z. Similarly to the 
Y matrix, the matrix Z has n rows, one for each observation and m columns, the dependent 
variables. 
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 (2) 

The matrix Y (composed of the independent variables y) represents the only input for 
several multivariate techniques described here; in some other cases the matrices Y and Z 
(composed of the dependent variables z) are both required. 

In the following part, we will make a distinction between regression and classification 
techniques. However, it should be clear that the separation between these two domains is 
not always sharp and the same technique can be either used for regression or for 
classification purposes. 

4.2. Multivariate regression techniques 

4.2.1. Linear Multivariate Regression (LMVR) 

LMVR (or MLR) can be used to model linear relationships between one or more z 
(dependent variable) and one or more y (independent variable). In the most general case, we 
have n independent multivariate variables y represented by the matrix Y and the 
corresponding response multivariate variable z, stored in the matrix Z.  

The LMVR is based, as many other statistical techniques, on the generalized linear model: 
 = +Z βY ε  where β  is a matrix containing the parameters to be estimated, and ε is a matrix 

which models the errors or noise. The coefficients β  are usually estimated using the 
ordinary least square, which consists of minimizing the sum of the square differences of the 
n observed y's from their modeled values. Mathematically, the optimal values of β are 

obtained by   1T T=


β Y Y Y Z . To apply the least square method we must have n - 1 > m (e.g. 

the number of observation must be larger than the number of variables, which is often not 
the case), otherwise the matrix TY Y  is singular and cannot be inverted. Another common 
problem is the correlation between variables; more specifically, none of the independent 
variables must be a linear combination of any other. This phenomenon is called 
“multicollinearity” [43, 44] and it will be explained in more details in section 4.2.3. 

4.2.2. Non-Linear Multivariate Regression (NLMVR) 

In some cases linear models cannot be used and one could try to apply non-linear models.  

Common models which frequently apply to natural phenomena are the exponentials 
(which, indeed, is a transformed linear model. A linear model can be applied upon on the 
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logarithm of the data), logistic models or power law models.The regressed model has the 
general form of  = f Z β Y ε , where f(Y) can be any non-linear function. 

The optimal values for the coefficients β  can be obtained using deterministic optimization 
algorithm such as the conjugate gradients [45] or the Levenberg-Marquard method [46, 47], 
or stochastic algorithm such as genetic algorithms [48]. 

4.2.3. The multicollinearity problem  

When the number of observations is smaller than the number of variables (as it often 
happens for spectral data), the matrix TY Y  is singular and is not invertible. This rules out 
the possibility of using standard linear multivariate techniques (LMVR) based on the least 
square criterion, as the solution will not be unique.  

Increasing the number of observations (above the number of variables) will not always solve 
the problem. This is due to the so-called near-multicollinearity which means that some 
variables can be written approximately as linear functions of other variables. This problem is 
often found among spectral measurements. Even if the solution will be mathematically 
unique, it may be unstable and lead to poor prediction performances.  

Linearly correlated or quasi-linearly correlated variables have to be removed prior to apply 
a regression method. In the following sections, we will describe two methods that are 
frequently used to remove correlations among variables, namely principal component 
analysis (PCA) and partial least squares (PLS). 

4.2.3.1. Principal Component Analysis (PCA) 

We should first recall the structure of the data. Suppose that we have n observations, each 
one defined by a vector 

iy  composed of m variables, where i=1,2,...,n stands for the i-th 
observation. The matrix of the original data Y is then composed by n rows (the observations) 
and m columns (the variables). 

By using PCA, our intent is to develop a smaller number of uncorrelated artificial variables, 
called principal components (PC), that will account for most of the variance in the observed 
variables. The new uncorrelated variables are obtained as linear combination of the original 
data as =T AY . Correlation among variables can be measured using the covariance matrix.  

Given the sample mean of the m-dimensional vector iy , 
1

1 n

i
i=

=
ny y , an unbiased 

estimator of the sample covariance matrix is   
1

1
1

n T
i i

i=
=

n
 

 S y y y y .  

For uncorrelated variables, the off-diagonal values of the sample covariance matrix are zero, 
that is, S is diagonal. The covariance of linearly transformed variables =T AY  is equal to 

T
T =S ASA , where S is the sample covariance of the original data Y [49]. 
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Thus, we want to find the matrix A such that the covariance matrix of the transformed data, 

TS , is diagonal, which corresponds to find the eigenvectors of the covariance matrix and 
the corresponding eigenvalues. 

The eigenvalues, which coincide with the matrix TS , are the sample variance of the 
principal components T and are ranked according to their magnitude. The first principal 
component is then the linear combination with maximal variance (the largest eigenvalue). 
The second principal component is the linear combination with the maximal variance along 
a direction orthogonal to the first component, and so on [44]. 

The number of eigenvalues is equal to the number of original variables; however, since the 
eigenvalues are equal to the variance of the principal components and they are sorted in a 
decreasing order, the first k eigenvalues can account for a large portion of the variance of the 
data. 

Hence, to describe our original dataset we can use only the first k uncorrelated principal 
components, instead of the complete set of redundant m variables. In matrix notation this 
can be written as k k=T A Y , where kA  is the eigenvector matrix truncated to the k-th 
eigenvector, and kT  is the matrix of the first k principal components, also called score 
matrix [50].  

Choosing which and the number of principal components that should be retained in order 
to summarize our data is a task that can be solved using several strategies [43, 49]. For 
example, one way commonly used is to retain the first k principal components that explain a 
given total percentage of the variance, e.g. 90% [43, 44]. Another rule is to plot the 
eigenvalues in decreasing order. Moving from left to right, the eigenvalues usually have an 
initial steep drop followed by a slow decrease. All the components after the elbow between 
the steep and the flat part of the curve should be discarded. This test is called screen plot. 

Alternatively, one can select the principal components that can be associated to a physical 
meaning related to the studied system. For example, following the differentiations of a cell 
line growing in different experimental conditions, one principal component may represents 
the different conditions, while another PC may describe the maturation stage of the cells. 
None of the above methods are better than the other; usually more than one test should be 
done and the results compared.  

The principal component analysis allows to obtain uncorrelated variables and then to 
remove the multicollinearity problem. 

4.2.3.2. Principal Component Regression (PCR): multivariate regression following PCA 

Once a set of k principal components has been obtained using the PCA method, they can be 
used as input variables for a multivariate regression analysis instead of the original data. 
The regression equation = +Z βY ε , shown in section 4.2.1, can be written as k= +Z βT ε , 
where Tk is the matrix of the principal components (scores matrix) and the regression 
coefficients β can be estimated by least squares. When the number of principal components 



 
Multivariate Analysis in Management, Engineering and the Sciences 196 

logarithm of the data), logistic models or power law models.The regressed model has the 
general form of  = f Z β Y ε , where f(Y) can be any non-linear function. 

The optimal values for the coefficients β  can be obtained using deterministic optimization 
algorithm such as the conjugate gradients [45] or the Levenberg-Marquard method [46, 47], 
or stochastic algorithm such as genetic algorithms [48]. 

4.2.3. The multicollinearity problem  

When the number of observations is smaller than the number of variables (as it often 
happens for spectral data), the matrix TY Y  is singular and is not invertible. This rules out 
the possibility of using standard linear multivariate techniques (LMVR) based on the least 
square criterion, as the solution will not be unique.  

Increasing the number of observations (above the number of variables) will not always solve 
the problem. This is due to the so-called near-multicollinearity which means that some 
variables can be written approximately as linear functions of other variables. This problem is 
often found among spectral measurements. Even if the solution will be mathematically 
unique, it may be unstable and lead to poor prediction performances.  

Linearly correlated or quasi-linearly correlated variables have to be removed prior to apply 
a regression method. In the following sections, we will describe two methods that are 
frequently used to remove correlations among variables, namely principal component 
analysis (PCA) and partial least squares (PLS). 

4.2.3.1. Principal Component Analysis (PCA) 

We should first recall the structure of the data. Suppose that we have n observations, each 
one defined by a vector 

iy  composed of m variables, where i=1,2,...,n stands for the i-th 
observation. The matrix of the original data Y is then composed by n rows (the observations) 
and m columns (the variables). 

By using PCA, our intent is to develop a smaller number of uncorrelated artificial variables, 
called principal components (PC), that will account for most of the variance in the observed 
variables. The new uncorrelated variables are obtained as linear combination of the original 
data as =T AY . Correlation among variables can be measured using the covariance matrix.  

Given the sample mean of the m-dimensional vector iy , 
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For uncorrelated variables, the off-diagonal values of the sample covariance matrix are zero, 
that is, S is diagonal. The covariance of linearly transformed variables =T AY  is equal to 

T
T =S ASA , where S is the sample covariance of the original data Y [49]. 
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Thus, we want to find the matrix A such that the covariance matrix of the transformed data, 

TS , is diagonal, which corresponds to find the eigenvectors of the covariance matrix and 
the corresponding eigenvalues. 

The eigenvalues, which coincide with the matrix TS , are the sample variance of the 
principal components T and are ranked according to their magnitude. The first principal 
component is then the linear combination with maximal variance (the largest eigenvalue). 
The second principal component is the linear combination with the maximal variance along 
a direction orthogonal to the first component, and so on [44]. 

The number of eigenvalues is equal to the number of original variables; however, since the 
eigenvalues are equal to the variance of the principal components and they are sorted in a 
decreasing order, the first k eigenvalues can account for a large portion of the variance of the 
data. 

Hence, to describe our original dataset we can use only the first k uncorrelated principal 
components, instead of the complete set of redundant m variables. In matrix notation this 
can be written as k k=T A Y , where kA  is the eigenvector matrix truncated to the k-th 
eigenvector, and kT  is the matrix of the first k principal components, also called score 
matrix [50].  

Choosing which and the number of principal components that should be retained in order 
to summarize our data is a task that can be solved using several strategies [43, 49]. For 
example, one way commonly used is to retain the first k principal components that explain a 
given total percentage of the variance, e.g. 90% [43, 44]. Another rule is to plot the 
eigenvalues in decreasing order. Moving from left to right, the eigenvalues usually have an 
initial steep drop followed by a slow decrease. All the components after the elbow between 
the steep and the flat part of the curve should be discarded. This test is called screen plot. 

Alternatively, one can select the principal components that can be associated to a physical 
meaning related to the studied system. For example, following the differentiations of a cell 
line growing in different experimental conditions, one principal component may represents 
the different conditions, while another PC may describe the maturation stage of the cells. 
None of the above methods are better than the other; usually more than one test should be 
done and the results compared.  

The principal component analysis allows to obtain uncorrelated variables and then to 
remove the multicollinearity problem. 

4.2.3.2. Principal Component Regression (PCR): multivariate regression following PCA 

Once a set of k principal components has been obtained using the PCA method, they can be 
used as input variables for a multivariate regression analysis instead of the original data. 
The regression equation = +Z βY ε , shown in section 4.2.1, can be written as k= +Z βT ε , 
where Tk is the matrix of the principal components (scores matrix) and the regression 
coefficients β can be estimated by least squares. When the number of principal components 
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is equal to the number of variables, this method becomes equivalent to the LMVR. By 
removing correlations in the original data, the PCR method allows to perform linear 
regression on a multicollinear dataset. 

4.2.3.3. Partial Least Squares (PLS) 

Another way to face the multicollinearity problem is to use PLS. The goal of PLS regression 
is to predict Z from Y and to describe their common structure [50]. 

In the PCR method described above, the principal components are selected based on their 
ability of explaining the variance of the Y matrix (the dependent variable matrix). By 
contrast, PLS regression finds components from Y that are also relevant for Z. Specifically, 
PLS regression searches for a set of components that performs a simultaneous 
decomposition of Y and Z, with the constraint that these components explain as much as 
possible the covariance between Y and Z. In this way, compared to the PCR, the principal 
components contain more information about the relationship between predictors and 
dependent variables [50]. For categorical dependent variables, the PLS method takes the 
name of partial least square discriminant analysis (PLS-DA) [43]. 

4.3. Multivariate classification techniques 

Classification methods can be divided into two main categories, supervised and 
unsupervised. Supervised techniques require the knowledge of the group membership of 
the observations and can be used to understand the structure of the data, e.g. why certain 
observations belong to a given group. Moreover, once the classification model is calibrated 
on a “training” dataset, it can be used in a predictive way to group observations whose 
group membership is unknown. 

On the other hand, unsupervised methods try to group the observations without any 
knowledge of the group membership.  

In the following paragraph, we will describe the main multivariate classification 
approaches. 

4.3.1. Discriminant Analysis (DA) 

Discriminant analysis is mainly a supervised technique which was originally developed by 
Ronald Fisher as a way to subdivide a set of taxonomic observations into two groups based 
on some measured features [51]. Later, DA was extended to treat cases where there are more 
than two groups, the so-called “multiclass discriminant analysis” [49, 52, 53].  

DA can have mainly two objectives. First, it can be used in a supervised way to describe and 
explain the differences among the groups. As we will see later, mathematically DA finds the 
optimal hyperplane that separates the groups among each other. Or, in other words, it finds 
the optimal linear combination of the original variables that maximizes the distance among 
the groups. The transformed observations are called discriminant functions. 
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The use of a linear combination implies that each original variable is weighted by a 
coefficient which can be used to study the relative importance of the variable in the 
separation among the groups. A second possible role of DA is to classify observations into 
groups. An observation, which has to be assigned to a group, is evaluated by a discriminant 
function (already calibrated on another dataset) and it is assigned to one of the groups at 
which most likely it belongs [43, 44, 49]; in this view DA is used as an unsupervised method. 

When only linear transformations are applied to the variables used as DA input, the 
discriminant analysis is called linear discriminant analysis (LDA). 

In some cases, LDA alone is not suitable and the original variables can be mapped to a new 
space via any non-linear function. Then, the LDA is applied in this non-linear space (which 
is equivalent to non-linear classification in the original space). This procedure can be seen 
under several names such as “non-linear DA” (NLDA) or “kernel Fisher discriminant 
analysis” (KFD) or “generalized discriminant analysis”. 

In the following sections we will focus on LDA, first describing the descriptive approach 
and subsequently the classification approach. 

4.3.1.1. Linear DA (LDA) as a descriptive method 

The initial dataset is an ensemble of multivariate observations partitioned into G distinct 
groups (e.g. different experimental treatments, times or conditions). Each of the G groups 
contains 

gn  observations, where g runs from 1 to G and refers to the g-th group. The 

multivariate observation vectors can be written as 
gjy  where g is the g-th group and j is the 

j-th observation. The vector has size m, which corresponds to the number of variables. 

Our goal in LDA is to search for the linear combination that optimally separates our 
multivariate observation into G groups.  

The linear transformation of 
gjy  is written as  

 T
gj gjz = w y  (3) 

Since gjz  is a linear transformation of gjy , the mean of the group g of the transformed data 
can be written as 

 T
g gz = w y  (4) 

where gy  is the mean, of the observations within a group, obtained as  

1
/

gn

g gj g
j=

= ny y  

We now introduce the between groups sum of squares B in equation 5 (measure of the 
dispersion among the groups) and the within-group sum of squares E in equation 6 
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is equal to the number of variables, this method becomes equivalent to the LMVR. By 
removing correlations in the original data, the PCR method allows to perform linear 
regression on a multicollinear dataset. 

4.2.3.3. Partial Least Squares (PLS) 

Another way to face the multicollinearity problem is to use PLS. The goal of PLS regression 
is to predict Z from Y and to describe their common structure [50]. 

In the PCR method described above, the principal components are selected based on their 
ability of explaining the variance of the Y matrix (the dependent variable matrix). By 
contrast, PLS regression finds components from Y that are also relevant for Z. Specifically, 
PLS regression searches for a set of components that performs a simultaneous 
decomposition of Y and Z, with the constraint that these components explain as much as 
possible the covariance between Y and Z. In this way, compared to the PCR, the principal 
components contain more information about the relationship between predictors and 
dependent variables [50]. For categorical dependent variables, the PLS method takes the 
name of partial least square discriminant analysis (PLS-DA) [43]. 

4.3. Multivariate classification techniques 

Classification methods can be divided into two main categories, supervised and 
unsupervised. Supervised techniques require the knowledge of the group membership of 
the observations and can be used to understand the structure of the data, e.g. why certain 
observations belong to a given group. Moreover, once the classification model is calibrated 
on a “training” dataset, it can be used in a predictive way to group observations whose 
group membership is unknown. 
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The use of a linear combination implies that each original variable is weighted by a 
coefficient which can be used to study the relative importance of the variable in the 
separation among the groups. A second possible role of DA is to classify observations into 
groups. An observation, which has to be assigned to a group, is evaluated by a discriminant 
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which most likely it belongs [43, 44, 49]; in this view DA is used as an unsupervised method. 

When only linear transformations are applied to the variables used as DA input, the 
discriminant analysis is called linear discriminant analysis (LDA). 

In some cases, LDA alone is not suitable and the original variables can be mapped to a new 
space via any non-linear function. Then, the LDA is applied in this non-linear space (which 
is equivalent to non-linear classification in the original space). This procedure can be seen 
under several names such as “non-linear DA” (NLDA) or “kernel Fisher discriminant 
analysis” (KFD) or “generalized discriminant analysis”. 

In the following sections we will focus on LDA, first describing the descriptive approach 
and subsequently the classification approach. 

4.3.1.1. Linear DA (LDA) as a descriptive method 

The initial dataset is an ensemble of multivariate observations partitioned into G distinct 
groups (e.g. different experimental treatments, times or conditions). Each of the G groups 
contains 

gn  observations, where g runs from 1 to G and refers to the g-th group. The 

multivariate observation vectors can be written as 
gjy  where g is the g-th group and j is the 

j-th observation. The vector has size m, which corresponds to the number of variables. 

Our goal in LDA is to search for the linear combination that optimally separates our 
multivariate observation into G groups.  

The linear transformation of 
gjy  is written as  

 T
gj gjz = w y  (3) 

Since gjz  is a linear transformation of gjy , the mean of the group g of the transformed data 
can be written as 

 T
g gz = w y  (4) 

where gy  is the mean, of the observations within a group, obtained as  

1
/

gn

g gj g
j=

= ny y  

We now introduce the between groups sum of squares B in equation 5 (measure of the 
dispersion among the groups) and the within-group sum of squares E in equation 6 
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(measure of the dispersion within one group). First, we define them for the uni-dimensional 
case relatively to the untransformed data:  

    2
1

G

g
g=

y = y yB  (5) 

and 

    2
1 1

ngG

gj g
g= j=

y = y yE  (6) 

where 
1 1

1 1
ngG

gj
g= j=g

=
G n y y  is the total average of the data. 

Analogously, in the multivariate case (where each observation is constituted by m variables) 
we have the two matrices: 

     
1

G T

g g g
g=

= n  B y y y y y  (7) 

and 

     
1 1

ngG T

g gj g gj g
g= j=

= n   E y y y y y  (8) 

Finding the optimal linear combination that separates our multivariate observations into k 
groups means to find the vector w which maximizes the rate between the between-groups 
sum of squares over the within-groups sum of squares. Using the equations for the  
transformed data (equations 3 and 4) into the equations 7 and 8, we can write:  

 
 
 

 
 

T

Tλ = =
w B y w B z

E zw E y w
 (9) 

We want to find w such that λ is maximized. 

Equation 9 can be rewritten in the form   0T λ =w Bw Ew ; then we search for all the non 

trivial ( 0T =w is excluded) solutions of this equation and we choose the one which gives the 
maximum value of λ. This means to solve the eigenvalue problem 0λ =Bw Ew  that can be 
written in the usual form:  

   0λ =A I w  (10) 

where 1= A E B . 
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The solutions of equation 10 are the eigenvalues 1, 2,... mλ λ ,λ  associated to the eigenvectors 

... m,1, 2,w w w . The solutions are ranked for the eigenvalues 1 ...2 mλ > λ > > λ . Hence, the first 

eigenvalue 1λ  corresponds to the maximum value of equation 9. 

The discriminant functions are then obtained considering only the first s positive 
eigenvalues and multiplying the original data by the eigenvectors 

1 ...T T T
1 2 2 s s= , = , , =z w Y z w Y z w Y . 

Discriminant functions are uncorrelated but not orthogonal since the matrix 1= A E B  is not 
symmetric. 

In many cases the first two or three discriminant functions account for most of 

1 ...2 sλ + λ + + λ . This allows to represent the multivariate observations as 2 or 3 dimensional 
points which can be plotted on a scatter plot. These plots are particularly helpful to visualize 
the separation of our observations into the different groups. Moreover, we can deduce, 
looking at the scatter plot, the meaning of a given discriminant function, i.e. we can 
associate the discriminant function to a given property of the analyzed system.  

The weighting vectors ... s1, 2,w w w  are called unstandardized discriminant function 

coefficients and give the weight associated to each variable on every discriminant function.  

If the variables are on very different scales and with different variance, to assess the 
importance of each variable in the group separation the standardized discriminant functions 
can be used. The standardization is done by multiplying the unstandardized coefficients by 
the square root of the diagonal element of the within-group covariance matrix.  

Another way to assess the variable importance is to look at the correlation between each 
variable and the discriminant function. These correlations are called structure or loading 
coefficients. However, it has been shown that these parameters are intrinsically univariate 
and they only show how a single variable contributes to the separation among groups, 
without taking into account the presence of the other variables [49]. 

4.3.1.2. Linear as a classification method 

After a set of discriminant functions are calibrated as described in the previous section, the 
discriminant analysis can be applied to classify new observations into the most probable 
groups. From this point of view, the linear discriminant analysis becomes a predictive tool, 
since it is able to classify observations whose group membership is unknown [43, 49]. The 
discrimination ability of our LDA model can be tested by a procedure called “re-
substitution” [49]. This method consists of producing an LDA model using our dataset (i.e. 
finding the optimal w). Then, each observation vector is re-submitted to the classification 
function ( T

gj gj=z w y ) and assigned to a group. Since we know the group membership of 

the submitted vector, we can count the number of observations correctly classified and the 
number of observations misclassified. To measure the classification accuracy we can count 
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(measure of the dispersion within one group). First, we define them for the uni-dimensional 
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coefficients and give the weight associated to each variable on every discriminant function.  

If the variables are on very different scales and with different variance, to assess the 
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can be used. The standardization is done by multiplying the unstandardized coefficients by 
the square root of the diagonal element of the within-group covariance matrix.  

Another way to assess the variable importance is to look at the correlation between each 
variable and the discriminant function. These correlations are called structure or loading 
coefficients. However, it has been shown that these parameters are intrinsically univariate 
and they only show how a single variable contributes to the separation among groups, 
without taking into account the presence of the other variables [49]. 

4.3.1.2. Linear as a classification method 

After a set of discriminant functions are calibrated as described in the previous section, the 
discriminant analysis can be applied to classify new observations into the most probable 
groups. From this point of view, the linear discriminant analysis becomes a predictive tool, 
since it is able to classify observations whose group membership is unknown [43, 49]. The 
discrimination ability of our LDA model can be tested by a procedure called “re-
substitution” [49]. This method consists of producing an LDA model using our dataset (i.e. 
finding the optimal w). Then, each observation vector is re-submitted to the classification 
function ( T

gj gj=z w y ) and assigned to a group. Since we know the group membership of 

the submitted vector, we can count the number of observations correctly classified and the 
number of observations misclassified. To measure the classification accuracy we can count 
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the number of observations correctly classified and the number of observations 
misclassified. Then, we can estimate the classification rate as the number of correctly 
classified observations over the total number of observations. In general, in evaluating the 
accuracy of a model, we have then to distinguish between two types of accuracy: the fitting 
accuracy and the prediction accuracy [43, 54]. 

The fitting accuracy is the ability to reproduce the data, namely how the model is able to 
reproduce the data that were used to build the model (the training set). This corresponds to 
the apparent classification rate and it is obtained using the re-substitution procedure.  

The prediction accuracy is the ability to predict the value or the class of an observation, that 
was not included in the construction of the model. This kind of accuracy is often referred to 
as the ability of the model to generalize. The data used to measure this accuracy are called 
“test set”. The prediction accuracy can be called “actual classification rate”. This is mainly 
used in settings where the goal is prediction, and one wants to estimate how accurately a 
predictive model will perform in practice. To have an estimation of the actual classification 
rate, two main procedures can be applied: the hold-out and cross-validation [43].  

In the hold-out, the dataset is divided into two partitions: one partition is used to develop 
the model (e.g. the discriminant functions) and the second partition is given as input to the 
model. The first partition is usually called “training set” or “calibration set”, while the 
second partition is the validation set [54].  

When the number of observations is small, the cross-validation is usually preferred over the 
hold-out. The basic idea of the cross-validation procedure is to divide the entire dataset into 
L disjoint sets. L-1 sets are used to develop the model (i.e. the calibration set on which the 
discriminant functions are computed) and the omitted portion is used to test the model (i.e. 
the validation set given as input to the model). This is repeated for all the L sets and an 
average result is obtained. 

Apparent or actual classification accuracies can be summarized in a confusion matrix. As an 
example, total N observations, 1n , belong to the group 1 and 2n  belong to the group 2. 11C  
is the total number of observations correctly classified in group 1 and 12C  is the total 
number of data misclassified in group 2. Similarly, 22C  is the total number of observations 
correctly classified in group 2 and 21C  is the number of misclassified in group 1. 

The confusion matrix becomes then: 
 

 Actual group Predicted group 
 1 2 
1 11C 12C
2 21C 22C

and the accuracy (the actual or apparent classification rate (acr)) is computed as: 

11

1

22

2

C + C
acr =

n + n
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4.3.2. PCA-LDA 

A powerful analysis tool is the combination of the principal component analysis with the 
linear discriminant analysis [52]. This is particularly helpful when the number of variables is 
large. In particular, if the number of observations (N) is less than the number of variables 
(m) - specifically N-1<m - the covariance matrix is singular and cannot be inverted (see 
section 4.2.3.). We then need to find a way to reduce the number of variables, for example 
using the PCA [49, 55]. This procedure has been widely used for several problems in 
different fields [35, 52,  56-60]. The condition N-1<m almost always appears in spectroscopy, 
where the number of observations (N) is usually 102 and the number of variables (m) is 
typically within 102 to 103. 

Let's take into account the same situation described for the many group linear discriminant 
analysis. The original dataset is an ensemble of multivariate observations which is 
partitioned into k distinct groups. Again, we want to find the discriminant functions which 
optimally separate our multivariate observation into the k groups. Then, the discriminant 
functions can be used to identify the most important variables in terms of ability of 
distinguishing among the groups. Thus, first the original dataset is submitted to the PCA 
to reduce the number of variables; subsequently, the reduced dataset is analyzed using 
the LDA.  

Another way that can be used instead of PCA is to perform the PLS. 

4.3.3. PLS-LDA 

In a way analogous to the PCA-LDA procedure, here we first apply the PLS algorithm to the 
original data and then the LDA on the selected principal components [61]. 

Given that the PLS searches for a set of components that performs a simultaneous 
decomposition of the dependent and independent datasets, the main difference with PCA-
LDA is that the principal components resulting as output of PLS better describe the 
relationship between independent and dependent variables. This does not necessarily mean 
that this method is better in general. Indeed, applying PCA or PLS on the same dataset often 
leads to similar results [62, 63] and the classification accuracy or the descriptive ability is 
mostly determined by the underlying structure of the data which can make one of the two 
methods more suitable than the other. 

4.3.4. Cluster Analysis (CA) 

The goal of cluster analysis is to find the best grouping of the multivariate observations such 
that the clusters are dissimilar to each other but the observations within a cluster are similar 
[44]. 

CA is an unsupervised technique, that is, the group membership of the observations (and 
often the number of groups) is not known in advance. 
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the number of observations correctly classified and the number of observations 
misclassified. Then, we can estimate the classification rate as the number of correctly 
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4.3.2. PCA-LDA 

A powerful analysis tool is the combination of the principal component analysis with the 
linear discriminant analysis [52]. This is particularly helpful when the number of variables is 
large. In particular, if the number of observations (N) is less than the number of variables 
(m) - specifically N-1<m - the covariance matrix is singular and cannot be inverted (see 
section 4.2.3.). We then need to find a way to reduce the number of variables, for example 
using the PCA [49, 55]. This procedure has been widely used for several problems in 
different fields [35, 52,  56-60]. The condition N-1<m almost always appears in spectroscopy, 
where the number of observations (N) is usually 102 and the number of variables (m) is 
typically within 102 to 103. 

Let's take into account the same situation described for the many group linear discriminant 
analysis. The original dataset is an ensemble of multivariate observations which is 
partitioned into k distinct groups. Again, we want to find the discriminant functions which 
optimally separate our multivariate observation into the k groups. Then, the discriminant 
functions can be used to identify the most important variables in terms of ability of 
distinguishing among the groups. Thus, first the original dataset is submitted to the PCA 
to reduce the number of variables; subsequently, the reduced dataset is analyzed using 
the LDA.  

Another way that can be used instead of PCA is to perform the PLS. 

4.3.3. PLS-LDA 

In a way analogous to the PCA-LDA procedure, here we first apply the PLS algorithm to the 
original data and then the LDA on the selected principal components [61]. 

Given that the PLS searches for a set of components that performs a simultaneous 
decomposition of the dependent and independent datasets, the main difference with PCA-
LDA is that the principal components resulting as output of PLS better describe the 
relationship between independent and dependent variables. This does not necessarily mean 
that this method is better in general. Indeed, applying PCA or PLS on the same dataset often 
leads to similar results [62, 63] and the classification accuracy or the descriptive ability is 
mostly determined by the underlying structure of the data which can make one of the two 
methods more suitable than the other. 

4.3.4. Cluster Analysis (CA) 

The goal of cluster analysis is to find the best grouping of the multivariate observations such 
that the clusters are dissimilar to each other but the observations within a cluster are similar 
[44]. 

CA is an unsupervised technique, that is, the group membership of the observations (and 
often the number of groups) is not known in advance. 
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At first we have to define a measure of similarity or dissimilarity also called distance 
functions. The most common distance functions are: i) the Euclidean distance; ii) the 
Manatthan distance; iii) the Mahalanobis distance; iv) the maximum norm.  

Based on the procedure they use, clustering algorithms can be divided into three main 
groups: hierarchical, partitional and density-based clustering. None of the following 
algorithms is better than the other. The choice of the clustering method strongly depends on 
the structure of the data and on which kind of results one would expect. 

Hierarchical clustering algorithms can be again subdivided into agglomerative or divisive. The 
agglomerative clustering starts with all observations placed in different clusters and in each 
step an observation or a cluster of observations is merged into another cluster. The most 
commonly employed agglomerative clustering strategies are complete-linkage, average-
linkage, single-linkage, centroid-linkage. The drawback of the agglomerative clustering 
algorithms is that observations cannot be moved among the clusters once a cluster is made.  

The divisive method starts with one single cluster containing all observations and then it 
divides the cluster into two sub-clusters at each step. Divisive methods have the same drawback 
of the agglomerative clustering, that is, once a cluster is made, an observation cannot be moved 
to another cluster. Divisive methods are suited when large clusters are searched for. 

The partitional algorithm assigns the observations to a set of clusters without using 
hierarchical approaches. One of the most used non-hierarchical approach is the k-means 
clustering.  

The density-based clustering seeks to search for regions of high density without any 
assumption about the shape of the cluster. 

4.4. Artificial Neural Networks (ANN) 

The artificial neural networks are mathematical models that were developed in analogy to a 
network of biological neurons [64]. Mathematically, a neuron can be modeled as a switch 
that receives, as input, a series of values and produces an output consisting of a weighted 
sum of the input eventually transformed by a function f. Many neurons can be combined to 
create more complex networks. Depending on the type of neurons and on how the neurons 
are connected to each others, different kinds of neural networks can be created. The most 
common type of neural network is the feed-forward neural network, in which neurons are 
grouped into layers, each neuron of a layer is connected to all the neurons of the next layer 
and the information flows from the input to the output without loops. For a comprehensive 
description of neural networks and their applications see [54, 65]. 

5. Applications of multivariate analysis to spectroscopic data of complex 
biological systems 

In the following, we will provide a few selected examples of the application of FTIR 
microspectroscopy coupled with multivariate analysis for biomedical relevant studies, with 
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the aim to highlight the importance of linking the two approaches to extract the most 
significant spectral information from highly informative systems.  

In some cases, PCA alone represents a powerful method for the analysis of 
multidimensional FTIR spectra. Indeed, several interesting works are reported in the 
literature, in which this approach is employed to support the spectroscopic investigation of 
complex biological systems and processes. For instance, synchrotron based FTIR 
microspectroscopy coupled with PCA has been applied to the characterization of human 
corneal stem cells [27, 66], in cancer research for the screening of cervical cancer [14], as well 
as to disclose the effects induced by a surface glycoprotein in colon carcinoma cells [67]. 

For instance, Matthew German and colleagues [68] coupled high-resolution synchrotron 
radiation-based FTIR (SR-FTIR) microspectroscopy with PCA to investigate the 
characteristics of putative adult stem cell (SC), transiently amplified (TA) cell, and 
terminally differentiated (TD) cell populations of the corneal epithelium. Using PCA, each 
spectrum, composed by many variables (the wavenumbers), is reduced to a point in a low 
dimensional space. Then, each observation can be visualized in a two or three dimensional 
score plot. Choosing the appropriate principal components, the authors were able to clearly 
distinguish the three cell populations confirming the ability of SR-FTIR microspectroscopy 
to identify SC, TA cell, and TD cell populations. 

PCA alone is extremely powerful to reduce the number of variables; however, it is not a 
clustering algorithm and the group into clusters must be done with other techniques. 

For example, Tanthanuch and colleagues applied FTIR microspectroscopy-supported by 
PCA and unsupervised hierarchical cluster analysis (UHCA) to identify specific spectral 
markers of the differentiation of murine embryonic stem cell (mESCs) and to distinguish 
them into different neural cell types [25]. In particular, focal plane array (FPA) - FTIR and 
SR-FTIR microspectroscopy measurements - performed on cell clumps and single cells 
respectively - allowed to obtain a biochemical fingerprint of different mESC developmental 
stages, namely embryoid bodies (EBs), neural progenitor cells (NPCs) and embryonic stem-
derived neural cells (ESNCs). Interestingly, it should be noted that the results obtained on 
cell clumps and on single cells were found to be comparable, corroborating the FPA-FTIR 
results on cell clumps. The analysis of second derivative spectra enabled to highlight 
important spectral changes occurring during ES cell differentiation, mainly in the lipid CH2 
and CH3 stretching region and in the protein amide I band. Noteworthy, these results 
overall indicated that during neural differentiation the cell lipid content increased 
significantly, likely reflecting modifications in cell membranes, whose lipid content is 
known to have a key role in neural cell differentiation and signal transduction. Moreover, 
changes in the profile of amide I band, mainly involving the alpha-helix component around 
1650-1652 cm-1, indicated an increased expression of alpha-helix reach protein in ESNCs 
compared with their progenitor cells, a result that could reflect the expression of 
cytoskeleton protein, crucial for the establishment of neural structure and function. These 
results were then strongly supported by PCA, that made it possible to disclose regions of the 
IR spectrum which most contributed to the spectral variance, namely amide I band and C-H 
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sum of the input eventually transformed by a function f. Many neurons can be combined to 
create more complex networks. Depending on the type of neurons and on how the neurons 
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the aim to highlight the importance of linking the two approaches to extract the most 
significant spectral information from highly informative systems.  

In some cases, PCA alone represents a powerful method for the analysis of 
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radiation-based FTIR (SR-FTIR) microspectroscopy with PCA to investigate the 
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derived neural cells (ESNCs). Interestingly, it should be noted that the results obtained on 
cell clumps and on single cells were found to be comparable, corroborating the FPA-FTIR 
results on cell clumps. The analysis of second derivative spectra enabled to highlight 
important spectral changes occurring during ES cell differentiation, mainly in the lipid CH2 
and CH3 stretching region and in the protein amide I band. Noteworthy, these results 
overall indicated that during neural differentiation the cell lipid content increased 
significantly, likely reflecting modifications in cell membranes, whose lipid content is 
known to have a key role in neural cell differentiation and signal transduction. Moreover, 
changes in the profile of amide I band, mainly involving the alpha-helix component around 
1650-1652 cm-1, indicated an increased expression of alpha-helix reach protein in ESNCs 
compared with their progenitor cells, a result that could reflect the expression of 
cytoskeleton protein, crucial for the establishment of neural structure and function. These 
results were then strongly supported by PCA, that made it possible to disclose regions of the 
IR spectrum which most contributed to the spectral variance, namely amide I band and C-H 
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stretching region. Furthermore, the application of UHCA allowed to successfully 
discriminate and classify each stage of ESNCs differentiation, again considering the spectra 
in the spectral range mainly due to acyl chain vibrations and the extended region between 
1750 and 900 cm-1. 

As discussed previously, PCA is frequently used for preliminary dimensionality reduction 
before further analyses, as LDA [21]. Indeed, a limit of using PCA alone is that it does not 
allow to obtain an unambiguous grouping of the data into clusters, requiring therefore the 
application of another analysis step able to reduce the intra-category variation while 
maximizing that inter-category [69]. The coupling, for instance, of PCA with LDA is a well 
established procedure which enables not only to classify the observations into groups but to 
quantify the importance of the single variables for this group separation. In this view, the 
advantage of LDA is that it makes it possible to reveal clusters, identifying objectively also 
the most contributory wavenumbers responsible for spectra discrimination [21, 58]. In 
particular, the application of PCA-LDA to spectroscopic investigation of complex biological 
systems proved to be a useful tool for the identification of spectral biomarkers of the process 
under investigation [7, 35, 69, 70, 71].  

One outstanding work, worth to mention here, was done by Kelly and colleagues [70], 
where the authors showed how infrared spectroscopy and multivariate techniques can be 
used as a novel diagnostic approach for endometrial cancer screening. They first 
demonstrated how SR-FTIR microspectroscopy with subsequent PCA-LDA allows the clear 
segregation of different subtypes of endometrial carcinoma. However, the requirement of a 
particle accelerator impairs the use of endometrial spectroscopy as practical diagnostic 
application.  

Recently, Taylor and colleagues applied ATR-FTIR spectroscopy supported by PCA-LDA 
analysis to interrogate endometrial tissues, employing in particular a conventional IR 
radiation source [72], showing that this approach, that can be applied directly to liquid or 
solid samples without further preparation, could provide a useful and simple objective test 
for endometrial cancer diagnosis. 

Furthermore, in the work of Walsh and colleagues [69], ATR microspectroscopy has been 
successfully applied to the characterization of samples of exfoliative cervical cytology of 
different categories, with increasing severity of atypia. The spectral analysis was supported 
by PCA, with or without subsequent LDA, to verify if it was possible to discriminate among 
normal, low grade and high grade of exfoliative cytology. Indeed, important differences 
were found in the spectral range between 1500 and 1000 cm-1, mainly due to proteins, 
glycoproteins, phosphates and carbohydrates. Noteworthy, the authors stressed that only 
the employment of the combined PCA-LDA allowed to maximize the inter-category 
variance, whilst reducing that intra-category. In particular, they found that the glycogen 
content strongly influenced the intra-category variance, while that inter-category resulted to 
be mainly due to protein and DNA conformational changes. In this view, FTIR 
microspectroscopy coupled with PCA-LDA could allow for an objective classification 
approach to class cervical cytology. 
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We should note that a delicate point of PCA-LDA is the choice of the principal components 
to be used as LDA input and, as described in the previous section about PCA, several ways 
have been developed to perform this task. Alternatively, the PLS method can be used 
instead of PCA [6, 73, 74]. For instance, Sandt and colleagues, using synchrotron infrared 
microspectroscopy coupled with PLS-DA, were able to characterize the metabolic 
fingerprint of induced pluripotent stem cells (iPSCs). In particular, they found that iPSCs are 
characterized by a chemical composition that leads to a spectral signature indistinguishable 
from that of embryonic stem cells (ESCs), but entirely different from that of the original 
somatic cells [6]. 

5.1. FTIR microspectroscopy supported by PCA-LDA for the characterization of 
SN and NSN murine oocytes 

Recently, we applied FTIR microspectroscopy supported by PCA-LDA to the study of 
murine oocytes characterized by two different types of chromatin organization, namely 
surrounded nucleolus (SN) oocytes in which the chromatin is highly condensed and forms a 
ring around the nucleolus, and the not surrounded nucleolus (NSN) type where chromatin 
is dispersed and less condensed around the nucleolus [7, 75]. Interestingly, only SN 
oocytes are capable to complete the embryonic development after fertilization, while the 
NSN type, if fertilized, arrests at the two cell stage. To try to get new insights on the 
mechanisms that drive the different chromatin organization in the two kinds of oocytes, 
crucial for their embryonic development after fertilization, we studied the infrared 
absorption of single intact cells at different maturation stages, namely antral germinal 
vesicle (GV), metaphase I (MI, matured for 10 hours in vitro), and metaphase II (MII, 
matured for 20 hours in vitro). 

Indeed, as we will show in the following, the FTIR spectra of the oocytes taken at the 
different maturation stages are very complex, since they provide information on 
different processes that were taking place simultaneously within the cells. For this 
reason, beside a fundamental visual inspection of the data, enabling the identification 
and assignment of the different spectral bands, it was crucial the application of PCA-
LDA that made it possible to draw out the most significant spectral information 
responsible for the different cell behavior. Moreover, PCA-LDA allowed to identify the 
stage at which the separation between the SN and NSN oocytes took place, leading to 
their well distinct cell destinies. 

As we discussed in paragraph 2, since the FTIR spectrum of cells is due to the overlapping 
contributes of the main biomolecules (see Figure 2), we analysed the second derivative 
spectra to identify the band peak positions and to assign them to the different biomolecule 
vibrational modes. The spectral analysis, strongly supported by PCA-LDA, allowed us to 
disclose the most important spectral differences between the two types of oocytes, at each 
maturation stage, that were found to occur mainly in the lipid and nucleic acid absorption 
regions, as we will discuss below. For a full discussion of the results see [7]. 
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ring around the nucleolus, and the not surrounded nucleolus (NSN) type where chromatin 
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NSN type, if fertilized, arrests at the two cell stage. To try to get new insights on the 
mechanisms that drive the different chromatin organization in the two kinds of oocytes, 
crucial for their embryonic development after fertilization, we studied the infrared 
absorption of single intact cells at different maturation stages, namely antral germinal 
vesicle (GV), metaphase I (MI, matured for 10 hours in vitro), and metaphase II (MII, 
matured for 20 hours in vitro). 

Indeed, as we will show in the following, the FTIR spectra of the oocytes taken at the 
different maturation stages are very complex, since they provide information on 
different processes that were taking place simultaneously within the cells. For this 
reason, beside a fundamental visual inspection of the data, enabling the identification 
and assignment of the different spectral bands, it was crucial the application of PCA-
LDA that made it possible to draw out the most significant spectral information 
responsible for the different cell behavior. Moreover, PCA-LDA allowed to identify the 
stage at which the separation between the SN and NSN oocytes took place, leading to 
their well distinct cell destinies. 

As we discussed in paragraph 2, since the FTIR spectrum of cells is due to the overlapping 
contributes of the main biomolecules (see Figure 2), we analysed the second derivative 
spectra to identify the band peak positions and to assign them to the different biomolecule 
vibrational modes. The spectral analysis, strongly supported by PCA-LDA, allowed us to 
disclose the most important spectral differences between the two types of oocytes, at each 
maturation stage, that were found to occur mainly in the lipid and nucleic acid absorption 
regions, as we will discuss below. For a full discussion of the results see [7]. 



 
Multivariate Analysis in Management, Engineering and the Sciences 208 

5.1.1. Lipid analysis 

5.1.1.1. NSN oocytes 

The analysis between 3050 and 2800 cm-1, mainly due to the lipid carbon-hydrogen 
stretching vibrations [29], disclosed significant variations in the lipid content of NSN 
oocytes during their maturation up to MII. Indeed, besides an increase of the CH2 band 
intensity up to MII, respectively at 2922 cm-1 and 2852 cm-1, important changes concerned 
mainly the unsaturated fatty acid composition, as indicated by variations of the band 
between 3020 and 3000 cm-1 due to the olefinic group absorption. Indeed, as shown in Figure 
3A, a single peak around 3013 cm-1 was present at GV and MI stages, while a splitting in two 
components at ~ 3016 cm-1 and at ~ 3010 cm-1 characterized the MII stage (see the inset of 
Figure 3A). These results could reflect important changes in membrane fluidity, which in 
turn could confer to the oocyte a different division ability after fertilization [8]. 

5.1.1.2. SN oocytes 

SN oocytes were found to be characterized - during maturation up to MII - by a significant 
increase of the 2937 cm-1 component that could be likely due to cholesterol and/or 
phospholipids (Figure 3B) [76, 77]. As discussed for NSN oocytes, the observed changes 
could reflect variations in the membrane properties, again highlighting the crucial role of 
lipids as markers of oocyte developmental competence [8, 78]. 
 

 
Figure 3. Second derivative absorption spectra of NSN (A) and SN (B) oocytes in the lipid absorption 
region. The second derivatives of the FTIR absorption spectra of single oocytes, measured at the antral 
(continuous line), MI 10 H (dotted line), and MII 20 H (dashed line) stages, are reported in the acyl 
chain absorption region, after normalization at the tyrosine peak (~1516 cm-1). In the inset a 
magnification of the olefinic group band is shown.  
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5.1.1.3. PCA-LDA analysis 

The results obtained by the direct inspection of second derivative spectra were confirmed by 
PCA-LDA analysis performed on raw spectra. Firstly, the analysis was made on each type of 
oocyte taken at the different maturation stages. For the SN oocytes, the component 
carrying the highest discrimination weight resulted that at 2938 cm-1, likely due to 
cholesterol and / or phospholipids [76, 77], in agreement with what found by the direct 
inspection of the spectra. 

Concerning the NSN oocytes, on the other hand, the wavenumbers with the highest 
discrimination weight were the 2922 cm-1, due to the CH2 stretching vibration, which 
increases up to MII, and the 3018 cm-1, assigned to the olefinic group =CH of 
polyunsaturated fatty acids, whose absorption was observed to vary during the oocyte 
maturation.  

We, then, compared the two types of oocyte at each maturation stage - as illustrated in 
Figure 4 - and we found that at the antral and MII stages the spectral components with the 
highest discrimination weight were those due to cholesterol and /or phospholipids, while at 
MI was that due to the olefinic group. Furthermore, to support the crucial role played by 
lipids in determining at some extent the oocyte developmental capacity, we should add that 
when we compared by PCA-LDA the spectra of the two oocyte types at the same 
maturation stage in the 1800-1500 cm-1 spectral range, dominated by the amide I and amide 
II absorption, the wavenumber with the highest discrimination weight was the 1739 cm-1, 
due to the carbonyl stretching vibration of esters [7, 29].  

 

 
Figure 4. PCA-LDA analysis of SN and NSN oocytes in the lipid acyl chain absorption region (3050 – 
2800 cm-1). The separation between the two types of oocytes at each maturation stage is reported as 
average of PCA-LDA scores. The height of the boxes and the whiskers corresponds to 1 and 1.5 
standard deviations from the mean values, respectively. The analysis has been performed on the 
measured spectra. 



 
Multivariate Analysis in Management, Engineering and the Sciences 208 

5.1.1. Lipid analysis 

5.1.1.1. NSN oocytes 

The analysis between 3050 and 2800 cm-1, mainly due to the lipid carbon-hydrogen 
stretching vibrations [29], disclosed significant variations in the lipid content of NSN 
oocytes during their maturation up to MII. Indeed, besides an increase of the CH2 band 
intensity up to MII, respectively at 2922 cm-1 and 2852 cm-1, important changes concerned 
mainly the unsaturated fatty acid composition, as indicated by variations of the band 
between 3020 and 3000 cm-1 due to the olefinic group absorption. Indeed, as shown in Figure 
3A, a single peak around 3013 cm-1 was present at GV and MI stages, while a splitting in two 
components at ~ 3016 cm-1 and at ~ 3010 cm-1 characterized the MII stage (see the inset of 
Figure 3A). These results could reflect important changes in membrane fluidity, which in 
turn could confer to the oocyte a different division ability after fertilization [8]. 

5.1.1.2. SN oocytes 

SN oocytes were found to be characterized - during maturation up to MII - by a significant 
increase of the 2937 cm-1 component that could be likely due to cholesterol and/or 
phospholipids (Figure 3B) [76, 77]. As discussed for NSN oocytes, the observed changes 
could reflect variations in the membrane properties, again highlighting the crucial role of 
lipids as markers of oocyte developmental competence [8, 78]. 
 

 
Figure 3. Second derivative absorption spectra of NSN (A) and SN (B) oocytes in the lipid absorption 
region. The second derivatives of the FTIR absorption spectra of single oocytes, measured at the antral 
(continuous line), MI 10 H (dotted line), and MII 20 H (dashed line) stages, are reported in the acyl 
chain absorption region, after normalization at the tyrosine peak (~1516 cm-1). In the inset a 
magnification of the olefinic group band is shown.  

 
Multivariate Analysis for Fourier Transform Infrared Spectra of Complex Biological Systems and Processes 209 

5.1.1.3. PCA-LDA analysis 

The results obtained by the direct inspection of second derivative spectra were confirmed by 
PCA-LDA analysis performed on raw spectra. Firstly, the analysis was made on each type of 
oocyte taken at the different maturation stages. For the SN oocytes, the component 
carrying the highest discrimination weight resulted that at 2938 cm-1, likely due to 
cholesterol and / or phospholipids [76, 77], in agreement with what found by the direct 
inspection of the spectra. 

Concerning the NSN oocytes, on the other hand, the wavenumbers with the highest 
discrimination weight were the 2922 cm-1, due to the CH2 stretching vibration, which 
increases up to MII, and the 3018 cm-1, assigned to the olefinic group =CH of 
polyunsaturated fatty acids, whose absorption was observed to vary during the oocyte 
maturation.  

We, then, compared the two types of oocyte at each maturation stage - as illustrated in 
Figure 4 - and we found that at the antral and MII stages the spectral components with the 
highest discrimination weight were those due to cholesterol and /or phospholipids, while at 
MI was that due to the olefinic group. Furthermore, to support the crucial role played by 
lipids in determining at some extent the oocyte developmental capacity, we should add that 
when we compared by PCA-LDA the spectra of the two oocyte types at the same 
maturation stage in the 1800-1500 cm-1 spectral range, dominated by the amide I and amide 
II absorption, the wavenumber with the highest discrimination weight was the 1739 cm-1, 
due to the carbonyl stretching vibration of esters [7, 29].  

 

 
Figure 4. PCA-LDA analysis of SN and NSN oocytes in the lipid acyl chain absorption region (3050 – 
2800 cm-1). The separation between the two types of oocytes at each maturation stage is reported as 
average of PCA-LDA scores. The height of the boxes and the whiskers corresponds to 1 and 1.5 
standard deviations from the mean values, respectively. The analysis has been performed on the 
measured spectra. 



 
Multivariate Analysis in Management, Engineering and the Sciences 210 

5.1.2. Nucleic acid analysis 

5.1.2.1. NSN oocytes 

We then analyzed the nucleic acid IR response of NSN and SN oocytes during their 
maturation, exploring the spectral region between 1000 and 800 cm-1, where RNA and DNA 
vibrational modes mainly occur [31, 32].  

We found that NSN oocytes maintain, in all the studied stages, an appreciable 
transcriptional activity as indicated mainly by the simultaneous presence of the RNA ribose 
component around 921 cm-1 and of the DNA deoxyribose between 895-898 cm-1 - indicative 
of a DNA/RNA hybrid - whose relative intensities were seen to vary during maturation (see 
Figure 5A). In particular, the intensity of these two components is higher at the antral stage, 
while it decreases at MI, to increase again up to MII. These results were also supported by 
the response of the complex band between 980-950 cm-1, mainly due to the CC stretching 
vibration of DNA backbone. Indeed, the profile of this band varies depending on the DNA 
structure that, in turn, could reflect a different nucleic acid activity. In particular, for the 
NSN oocytes we found that at the antral stage DNA is mainly in A-form - with a triplet at 
975 cm-1, 966 cm-1 and 951 cm-1 - typical of the DNA/RNA hybrid during transcription. At 
MI, the reduction of the 975 cm-1 and 966 cm-1 bands and the appearance of that at 969 cm-1 
indicate that DNA is mainly in the B-form, suggesting a sort of transcriptional “stand by 
state”, further supported by the reduction extent of the DNA/RNA hybrid, as discussed 
above. From this “stand by state” NSN oocytes seem to resume their transcriptional activity 
at MII, where a coexistence of DNA A and B forms was observed, as indicated by the 
increase of the ~ 975 cm-1 band and again in agreement with the simultaneous increase of the 
ribose (921 cm-1) and deoxyribose (898 cm-1) components. 

 
Figure 5. Second derivative absorption spectra of NSN (A) and SN (B) oocytes in the nucleic acid 
absorption region. The second derivatives of the FTIR absorption spectra of single oocytes, measured at 
the antral (continuous line), MI 10 H (dotted line), and MII 20 H (dashed line) stages, are reported in the 
1000-800 cm-1 absorption region, after normalization at the tyrosine peak (~1516 cm-1).  

 
Multivariate Analysis for Fourier Transform Infrared Spectra of Complex Biological Systems and Processes 211 

Furthermore, the analysis of the low frequency range, between 840-820 cm-1, allowed us to 
obtain information on DNA methylation. In particular, in this spectral range, bands due to 
DNA S-type sugar puckering modes occur, which are sensitive to changes in the DNA sugar 
conformation induced by cytosine methylation [32]. The possibility to monitor changes in 
the profile of this spectral region in whole intact cells makes it possible, therefore, to obtain 
information on the variation of global DNA methylation in the CpG islands. In this way, we 
found that in the NSN oocytes DNA methylation was high at the antral stage, while it 
became very low, almost negligible at MII, in agreement with what found for the 
transcriptional activity pattern at the different maturation stages. 

Finally, significant spectral differences were found between 890 and 850 cm-1, where four 
different bands due to adenine and uracil vibrational modes occur (see Figure 5) [79]. 
Interestingly, the relative variation of these bands enables to monitor the mRNA 
polyadenylation extent, a crucial mechanism that regulates transcription. We found, in 
particular, that NSN oocytes were characterized during maturation by a low level of mRNA 
polyadenylation, being the polyadenylic acid band at 884 cm-1 absent at MII, while a new 
band at 854 cm-1 - likely due to adenine possibly not involved in polyA tail [80] – appeared. 
These results seem to suggest that an inadequate level of mRNA polyadenylation could 
preclude the possibility to resume meiosis, leaving the NSN oocytes in an unsuccessful 
transcriptional state. 

5.1.2.2. SN oocytes 

The analysis of SN oocytes (Figure 5B) in the spectral range between 1000 and 800 cm-1 led 
to very different results compared to NSN oocytes (see Figure 5A). Briefly, during all the 
studied maturation stages, the SN oocyte transcriptional activity was found to be 
maintained at lower levels than NSN oocytes, as revealed by the analysis of the CC 
stretching of the DNA backbone (980-950 cm-1) and the monitoring of the ribose (~ 922 cm-1) 
and deoxyribose (895-898 cm-1) vibrations. These results were supported by the temporal 
evolution of the DNA methylation bands that suggested a partial CpG methylation at the 
antral and MI stages, which dramatically increased at MII, contrary to what observed for 
NSN oocytes.  

Noteworthy, while no evidence of mRNA polyadenylation was observed for SN oocytes at 
the antral stage - as indicated by the absence of the two polyadenylic acid bands around 884 
cm-1 and 860 cm-1 - starting from MI the adenine and uracile bands at 870 cm-1 and 850 cm-1 
appeared, to then dramatically increase up to MII. These findings likely indicate that SN MII 
oocytes are characterized by an adequate level of maternal polyadenylated mRNAs, making 
them ready to sustain a proper embryo development, contrary to NSN oocytes.  

5.1.2.3. PCA-LDA analysis 

The above results overall indicate that the IR spectra of oocytes at different maturation 
stages are very informative in the nucleic acid absorption region, allowing to obtain 
information on several cell processes simultaneously, including transcriptional activity, 
DNA methylation, and RNA polyadenylation. For this reason, PCA-LDA analysis was 
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Furthermore, the analysis of the low frequency range, between 840-820 cm-1, allowed us to 
obtain information on DNA methylation. In particular, in this spectral range, bands due to 
DNA S-type sugar puckering modes occur, which are sensitive to changes in the DNA sugar 
conformation induced by cytosine methylation [32]. The possibility to monitor changes in 
the profile of this spectral region in whole intact cells makes it possible, therefore, to obtain 
information on the variation of global DNA methylation in the CpG islands. In this way, we 
found that in the NSN oocytes DNA methylation was high at the antral stage, while it 
became very low, almost negligible at MII, in agreement with what found for the 
transcriptional activity pattern at the different maturation stages. 

Finally, significant spectral differences were found between 890 and 850 cm-1, where four 
different bands due to adenine and uracil vibrational modes occur (see Figure 5) [79]. 
Interestingly, the relative variation of these bands enables to monitor the mRNA 
polyadenylation extent, a crucial mechanism that regulates transcription. We found, in 
particular, that NSN oocytes were characterized during maturation by a low level of mRNA 
polyadenylation, being the polyadenylic acid band at 884 cm-1 absent at MII, while a new 
band at 854 cm-1 - likely due to adenine possibly not involved in polyA tail [80] – appeared. 
These results seem to suggest that an inadequate level of mRNA polyadenylation could 
preclude the possibility to resume meiosis, leaving the NSN oocytes in an unsuccessful 
transcriptional state. 

5.1.2.2. SN oocytes 

The analysis of SN oocytes (Figure 5B) in the spectral range between 1000 and 800 cm-1 led 
to very different results compared to NSN oocytes (see Figure 5A). Briefly, during all the 
studied maturation stages, the SN oocyte transcriptional activity was found to be 
maintained at lower levels than NSN oocytes, as revealed by the analysis of the CC 
stretching of the DNA backbone (980-950 cm-1) and the monitoring of the ribose (~ 922 cm-1) 
and deoxyribose (895-898 cm-1) vibrations. These results were supported by the temporal 
evolution of the DNA methylation bands that suggested a partial CpG methylation at the 
antral and MI stages, which dramatically increased at MII, contrary to what observed for 
NSN oocytes.  

Noteworthy, while no evidence of mRNA polyadenylation was observed for SN oocytes at 
the antral stage - as indicated by the absence of the two polyadenylic acid bands around 884 
cm-1 and 860 cm-1 - starting from MI the adenine and uracile bands at 870 cm-1 and 850 cm-1 
appeared, to then dramatically increase up to MII. These findings likely indicate that SN MII 
oocytes are characterized by an adequate level of maternal polyadenylated mRNAs, making 
them ready to sustain a proper embryo development, contrary to NSN oocytes.  

5.1.2.3. PCA-LDA analysis 

The above results overall indicate that the IR spectra of oocytes at different maturation 
stages are very informative in the nucleic acid absorption region, allowing to obtain 
information on several cell processes simultaneously, including transcriptional activity, 
DNA methylation, and RNA polyadenylation. For this reason, PCA-LDA analysis was 
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crucial to disclose the most significant spectral response, enabling to identify the marker 
bands able to discriminate between the two kinds of oocytes.  

Firstly, we analyzed the different maturation stages of each kind of oocyte. In particular, 
NSN oocytes displayed a segregation into three separated clusters, each corresponding to a 
maturation stage, with a classification accuracy of about 80%. Noteworthy, the wavenumber 
with the highest weight (1.0) was that around 880 cm-1, due to polyadenylic acid, that, as 
revealed by second derivative analysis, was present only at the antral stage and disappeared 
upon maturation up to MII.  

On the other hand, PCA-LDA analysis of SN oocytes led to an excellent discrimination 
accuracy (97%), with the wavenumbers with the highest discrimination weight at 817 cm-1 
(1.0) and 859 cm-1 (0.83). While this last component is due to polyadenylic acid, the 
assignment of the 817 cm-1 band is not unequivocal, being due to overlapping contributions 
of DNA and polyadenylic acid.  

The above results were then confirmed by the PCA-LDA analysis performed between 1400-
1000 cm-1, where contributions due to nucleic acids, such as sugar-phosphate vibrations, also 
occur [31]. In particular, for the NSN oocytes the wavenumber with the highest 
discrimination weight (1.0) was the 1305 cm-1, which is due to free adenine, possibly not 
involved in polyadenylation [79]. In agreement with the temporal pattern of the adenine 
band at 870 cm-1, discussed previously, the 1305 cm-1 component displayed a higher 
intensity at MII, confirming that an inadequate mRNA polyadenylation could preclude 
NSN oocytes from a successful embryonic development (see Figure 6). 

 
Figure 6. Second derivative absorption spectra of NSN oocytes in the absorption region of “free” 
adenine. The second derivatives of the FTIR absorption spectra of single NSN oocytes, measured at the 
antral (continuous line), MI 10 H (dotted line), and MII 20 H (dashed line) stages, are reported in the 
1330-1270 cm-1 spectral range, where “free” adenine absorbs, after normalization at the tyrosine peak 
(~1516 cm-1).  
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We then compared by PCA-LDA the two types of oocytes taken at the same maturation 
stage. As reported in Figure 7, we found the largest spectral distance at MI (92% 
classification accuracy), with the components carrying the highest discrimination weight 
due to A-DNA, likely reflecting differences in the transcriptional activity. In this view, MI 
stage could be considered a sort of crucial checkpoint, when some molecular 
rearrangements occur, deciding the oocyte fate. 

 
 
 

 
 
 
Figure 7. PCA-LDA analysis of SN and NSN oocytes in the nucleic acid absorption region (1000 - 800 
cm-1). The separation between the two types of oocytes at each maturation stage is reported as average 
of PCA-LDA scores. The height of the boxes and the whiskers corresponds to 1 and 1.5 standard 
deviations from the mean values, respectively. The analysis has been performed on the measured 
spectra. 

These findings have been strongly supported by the comparison of the SN and NSN oocytes 
at each maturation stage, altogether. A very good discrimination accuracy (89%) was again 
found analyzing the nucleic acid absorption region, between 1000 and 800 cm-1, that led to a 
clear cut separation into two groups (see Figure 8): one containing only the MII SN oocytes, 
and the other containing all the other SN and NSN stages. In particular, the wavenumbers 
carrying the highest discrimination weight were found at 926 cm-1 (1.00), due to ribose 
vibration, and at 855 cm-1 (0.97), assigned to adenine vibration, indicating again that 
differences in the temporal evolution and extent of transcription and polyadenylation play a 
crucial role in determining the different oocyte fate: the MII SN oocytes, with their proper 
content of maternal mRNAs polyadenylated, ready to support successfully the embryonic 
development; on the other hand, the MII NSN oocytes, with their mRNA lacking the 
appropriate polyadenylation, are kept in an unsuccessful transcriptional state. 
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We then compared by PCA-LDA the two types of oocytes taken at the same maturation 
stage. As reported in Figure 7, we found the largest spectral distance at MI (92% 
classification accuracy), with the components carrying the highest discrimination weight 
due to A-DNA, likely reflecting differences in the transcriptional activity. In this view, MI 
stage could be considered a sort of crucial checkpoint, when some molecular 
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These findings have been strongly supported by the comparison of the SN and NSN oocytes 
at each maturation stage, altogether. A very good discrimination accuracy (89%) was again 
found analyzing the nucleic acid absorption region, between 1000 and 800 cm-1, that led to a 
clear cut separation into two groups (see Figure 8): one containing only the MII SN oocytes, 
and the other containing all the other SN and NSN stages. In particular, the wavenumbers 
carrying the highest discrimination weight were found at 926 cm-1 (1.00), due to ribose 
vibration, and at 855 cm-1 (0.97), assigned to adenine vibration, indicating again that 
differences in the temporal evolution and extent of transcription and polyadenylation play a 
crucial role in determining the different oocyte fate: the MII SN oocytes, with their proper 
content of maternal mRNAs polyadenylated, ready to support successfully the embryonic 
development; on the other hand, the MII NSN oocytes, with their mRNA lacking the 
appropriate polyadenylation, are kept in an unsuccessful transcriptional state. 
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Figure 8. PCA–LDA analysis of SN and NSN oocytes in the nucleic acid absorption region. The PCA–
LDA analysis has been carried out on measured FTIR absorption spectra obtained from SN and NSN 
oocytes at each maturation stage, between 1000 and 800 cm−1. The semi-axes of ellipsoids in the 3D score 
plot correspond to two standard deviations of the data along each direction. 

6. Conclusions 

FTIR microspectroscopy has recently emerged as a powerful tool in biomedical research, 
thanks to the possibility of providing, in a non-invasive and rapid way, a chemical 
fingerprint of biological samples. In particular, being successfully applied to the study of 
complex biological systems, it makes it possible not only to characterize in situ biological 
processes, but also to provide a rapid diagnosis of several diseases, such as cancer and 
amyloid-based disorders. 

We should, however, note that the intrinsic complexity of the IR response of biological 
systems - due to the overlapping absorption of the main biomolecules - requires the support 
of an appropriate multivariate analysis approach able to draw out the significant and non-
redundant information contained in these highly dimensional data. Indeed, only a suitable 
combination of biospectroscopy and of multivariate analysis would provide robust and 
reliable results through the identification of specific biomarkers, an essential prerequisite for 
unbiased result interpretation [19, 20].  
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1. Introduction 
Community ecologists aim at understanding the occurrence and abundance of taxa (usully 
species) in space and time and the goal of all studies in plant ecology, is finding spatial and 
temporal interactions add to the complexity of vegetation systems. Hence for this purpose, it 
is necessary to imply best statistical methods (Causton, 1988)   

In this study, some important classification and ordination methods such as cluster analysis 
(CA), Two way Indicator Species Analysis (TWINSPAN), Polar Ordination (PO), Nonmetric 
Multidimensional Scaling (NMS), Principal component analysis (PCA), Detrended 
Correspondence Analysis (DCA), Canonical correspondence analysis (CCA), Redundancy 
analysis (RDA) will be explained briefly. 

Ordination (or inertia) methods, like principal component and correspondence analysis,and 
clustering and classification methods are currently used in many ecological studies 
(Anderson, 1971; Gauch et aL, I982a; Orloci, 1978; Whittaker et al, 1967; Legendre & 
Legendre, 1998). 

The choice of the mathematical method of analysis is mainly determined by availability 
rather than an accurate knowledge of the properties and limitations of the possible different 
methods (Legendre & Legendre, 1998). 

This study aims to explain these methods as tool for analyzing of plant Communities.  The 
use of multivariate analysis has been extended much more widely over the past 20 years. 
Much more is included on techniques such as Canonical Correspondence Analysis (CCA) 
and Non-metric Multidimensional Scaling (NMS), Principal component analysis (PCA) and 
another technique to include plant communication and plant-environment relationships 
(Kent, 2006). It is a main objective in data analysis to distinguish random from deterministic 
components. Therefore spatial and temporal interactions add to the complexity of 
vegetation systems (Wildi, 2010). 
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Some basic knowledge of Classification and Ordination methods that influence vegetation 
ecology might be needed to understand the examples presented in this study. 

Studying the vegetation distribution pattern is a basic aspect of the design and management 
(Zhang et al., 2006). Quantitative separation was studied by previous scholars to investigate 
the contribution of environmental factors to the whole or different layers of plant 
community distribution pattern. (Zhang et al., 2004). Actually, natural plant communities 
are distributed continuously, and they are composed of plant communities at different 
succession stages which response to environmental factors differently. 

2. Data 

Commonly, data interpreted using Classification and ordination, are collected in a species 
by sample data matrix, similar to the matrixes presented below.  

Species abundances as main data matrix will also use the standardized set of no redundant 
environmental variables for use with clustering and indicator species analysis. Will be not 
need a second matrix, although Cluster analysis will produce one for use during this 
exercise. For explaining the issue, using data from Study area that is located in the North-
East of the Semnan province in center of Iran (35º 53´ N, 54º 24´ E to 35º50´ N, 53º43´ E) 
(Fig 1). 

 

270 plots      
9 Species      
 Q Q Q Q Q Q 
 Ar.si Se.ro Eu.ce St.ba Zy.er ... 

1 10 0.5 0.5 0.5 0.5 ... 
2 1.75 3.75 0.5 0.5 0.5 ... 
3 1 0.5 3.75 1 0.5 ... 
4 3.75 0.5 3.75 0.5 0.5 ... 
5 6.25 0.5 0.5 1.75 0.5 ... 
6 1 0.5 3.75 1 0.5 ... 
7 10 0.5 1 1 0.5 ... 
8 3.75 0.5 1 0.5 0.5 ... 
9 3.75 0.5 1 0.5 0.5 ... 
10 6.25 0.5 1.75 0.5 0.5 ... 
11 6.25 1.75 3.75 0.5 0.5 ... 
12 3.75 0.5 0.5 0.5 1 ... 
13 10 0.5 15 1 0.5 ... 
14 3.75 0.5 1.75 0.5 0.5 ... 

Table 1. Data matrix using in Classification (using ordinal scale of Van-der-Marrel) 
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Figure 1. Location of study area and the distribution of the vegetation types. 

The below is a relatively simple data set. However, it is easy to imagine that a true data set 
may encounter dozens of species over 270 of samples. Complex sample by species matrices 
represent dozens to 270 of dimensions which are impossible to visualize or interpret. Even 
graphed, species response curves of large community data sets can be nearly impossible to 
interpret. 
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A quantitative survey of the vegetation is carried out during 2009-2010. In each of the 
studied types, soil and vegetative attributes were described within quadrates located along 
three 150m transverse transects. Quadrate size was determined for each vegetation type 
using the minimal area method. Considering variation of vegetation and environmental 
factors, forty five quadrates with a distance of 50m from each other were established in each 
vegetation type. Sampling method was randomized systematic. Floristic list, density and 
canopy cover percentage were determined in each quadrate. Vegetation cover data were 
recorded using ordinal scale of Van-der-Marrel (1979). 

In fact, the cover data transformed using an eight-point scale ((0–1=0.5, 1–2.5=1.75, 2.5–
5=3.75, 5–7.5=6.25, 7.5–12.5=10, 12.5–17.5=15, 17.5–22.5=20, 22.5–27.5=25, >27.5=30) 

Sample data may include measures of density, biomass, frequency, importance values, 
presence/absence, or any number of abundance measures. 

Ordination can help us find structure in these complicated data sets. By using various 
mathematical calculations, ordination techniques will identify similarity between species 
and samples. Results are then projected onto two dimensions in such a way that species and 
samples most similar to one another will be close together, and species and samples most 
dissimilar from one another will appear farther apart (as shown at this study).  
 

6 type     
22 factor     
 Q Q Q Q Q 
 gr1 gr2 clay1 clay2 ... 

A.sieberi-E.ceratoides 28.2016 45.6333 22.1667 21 ... 
H.strobilaceum 8.04E+00 2.83667 26.8 29.3333 ... 

A.sieberi-Z.eurypterum 35.5167 50.0333 17.5 16 ... 
Z.eurypterum-A.sieberi 27.5933 36.44 16.6667 23.6667 ... 

A.au-As.ssp-B.tomentelus 28.48 47.6433 26.4533 33.1667 ... 
S.rosmarinus 28.15 37.475 22.8333 20.6667 ... 

Table 2. Data matrix using in Ordination 

Data analysis was performed on the species, averaging all plots per site. All numerical 
analyses were done with the PC-ORD, V. 4 package (McCune and Mefford, 1999). 

3. Methods of classification analysis 

Classification method is an act of putting things in groups. Most commonly in community 
ecology, the "things" are samples or communities. Classification can be completely 
subjective, or it can be objective and computer-assisted (even if arbitrary). Hierarchical 
classification means that the groups are nested within other groups. There are two general 
kinds of hierarchical classification: divisive and agglomerative. A Divisive method starts 
with the entire set of samples, and progressively divides it into smaller and smaller groups. 
An agglomerative method starts with small groups of few samples, and progressively 
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groups them into larger and larger clusters, until the entire data set is sampled (Pielou, 
1984).  

Cluster analysis, on the other hand, seeks to divide the n quadrates into groups of high 
internal similarity with respect to species or characters used. In the classical approach of 
Williams & Lambert (1959), the so-called Association-Analysis, communities are defined by 
the presence or absence of single species. This is highly dependent on the vagaries of 
sampling; many workers have felt the method may result in botanical over simplification, so 
that nowadays polythetic methods are more usually applied.  

From the above discution, it can be seen that ordination and cluster analysis are not competing 
approaches and provided the ecologist is cautious in making inferences, both can reasonably 
be applied in the examination of multivariate samples (Pritchard & Anderson, 1971). 

In classification of species the basic idea is that a characteristic species combination (or at 
least a group of differentiated species) should gather samples containing these species into 
clusters of similar samples (Tavili & Jafari, 2009). 

In fact, Classification assumes from the outset that the species assemblages fall into 
discontinuous group, whereas ordination starts from the idea that such assemblages very 
gradually 

3.1. Cluster analysis 

Clustering, sometimes simply a synonym of classification, but more usually referring to 
agglomerative classification. 

Clustering is a straightforward method to show association data, however, the confidence of 
the nodes are highly dependent on data quality, and levels of similarity for cluster nodes is 
dependent on the similarity index used. Krebs (1999) shows that mean linkage is superior to 
single and complete linkage methods for ecological purposes because the other two are 
extremes, either producing long or tight, compact clusters respectively. There are, however, 
no guidelines as to which mean-linkage method is the best (Swan, 1970). 

The objective of Cluster Analysis is to graphically show the relationship between cluster 
analyses and your individual data points.  

The resulting graph makes it easy to see similarities and differences between rows in the 
same group, rows in different groups, columns in the same group, and columns in different 
groups.  Groups of rows and columns relate to each other, could be seen graphically.  Two-
way clustering refers to doing a cluster analysis on both the rows and columns of your 
matrix, followed by graphing the two dendrograms simultaneously, adjacent to a 
representation of your main matrix. Rows and columns of your main matrix are re-ordered 
to match the order of items in your dendrogram (Mucina, 1997). 

Fig 1 showed dendrogram of Cluster analysis (study area: North East of Semnan 
rangelands, Iran). Grouping was performed using Euclidean distance and the Ward method. 
Species with less than 2 entries in the matrix were deleted from the analysis.  
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Multivariate Analysis in Management, Engineering and the Sciences 226 

 
Figure 2. Dendrogram of the cluster grouping of the study sites 
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Cluster analysis can be performed using either presence–absence or quantitative data. Each pair 
of sites is evaluated on the degree of similarity, and then combined sequentially into clusters to 
form a dendrogram with the branching point representing the measure of similarity. 
In fact, the aim is to form a hierarchical classification (i.e. groups, containing subgroups) 
which is usually displayed by a dendrogram (as shown in above). The groups are formed 
from the most similar objects are first joined to form the first cluster, which is then 
considered an object, and the joining continues until all the objects are joined in the final 
cluster, containing all the objects (fig 2). 

The procedure has two basic steps: in the first step, the similarity matrix is calculated for all 
the pairs of the objects (the matrix is symmetric, and on the diagonal there are either zeroes 
– for dissimilarity – or the maximum possible similarity values). In the second step, the 
objects are clustered (joined, amalgamated) so that after each amalgamation, the newly 
formed group is considered to be an object, and the similarities of the remaining objects to 
the newly formed one are recalculated. The individual procedures (algorithms) differ in the 
way they recalculate the similarities (Leps & Smilauer, 2003). 

Major types of hierarchical, agglomerative, polythetic clustering strategies followed: 

1. Nearest Neighbor  
2. Farthest Neighbor  
3. Median  
4. Group Average 
5. Centroid: It (weighted) mean of a multivariate data set. Can be represented by a vector. 

For many ordination techniques, the centroid is a vector of zeros (that is, the scores are 
centered and standardized). In a direct gradient analysis, a categorical variable is often 
best represented by a centroid in the ordination diagram. 

6. Ward's Method (Ward's is also know as Orloci's and Minimum Variance Method) 
7. Flexible Beta 
8. McQuitty's Method 

This analysis of the vegetation–environment relations and the classification of the Semnan 
rangelands, is also relevant for the rangelands of arid and semi arid in Iran, and provides a 
base line for other studies intended to conserve and restore this ecosystem. 

Although clustering is an agglomerative classification technique and TWINSPAN is 
divisive, both produced comparable results. In addition, TWINSPAN provided indicator 
species.  

In addition, to identify species with particular diagnostic value and to confirm clustering 
results, the floristic data were classified with the two way indicator species analysis 
(TWINSPAN) (Hill, 1979). 

3.2. TWINSPAN 

The TWINSPAN method is one of the more popular classification programs used in plant 
community ecology (Hill 1979; Hill et al. 1975). The two approaches differ between two 
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classification methods is that, TWINSPAN creates groups and also finds indicator species 
for those groups, while Cluster analysis requires a before-the-fact assignment of group 
membership as input. In this case, will be used hierarchical clustering to identify groups for 
vegetation classification. TWINSPAN produces no graphical output. The biggest volume of 
the result is the description of each division. For each division, TWINSPAN identifies the 
indicator pseudo species and their signs (positive or negative for one end of the ordination 
or the other) and lists the samples assigned to each subgroup. Two popular agglomerative 
polythetic techniques are Group Average and Flexible. McCune et al. (2002) recommend 
Ward’s method in addition. Gauch (1982a) preferred to use divisive polythetic techniques 
such as TWINSPAN.  

This method works with qualitative data only. In order not to lose the information about the 
species abundances, the concepts of pseudo-species and pseudo-species cut levels were 
introduced. Each species can be represented by several pseudo-species, depending on its 
quantity in the sample. A pseudo-species is present if the species quantity exceeds the 
corresponding cut level. 

TWINSPAN is a program for classifying species and samples, producing an ordered two-
way table of their occurrence. The process of classification is hierarchical; samples are 
successively divided into categories, and species are then divided into categories on the 
basis of the sample classification. TWINSPAN, like DECORANA, has been widely used by 
ecologists.  

For example, TWINSPAN was performed for vegetation analysis in 270 plots using ordinal 
scale of Van-der-Marrel (1979). The end of results file is the two-way ordred table 
summarizing the classification (Fig3). The table has species (not pesudo species) as rows and 
samples as columns.The results of TWINSPAN classification are presented in Fig.4. 
According to the above-mentioned table, figure, and also eigenvalue of each division, 
vegetation of the study area was classified in to six main types. Each type differs from the 
other in terms of it’s environmental needs. 

These types are as follows: 

1. Artemisia sieberi-Eurotia ceratoides  
2. Artemisia aucheri, Astragalus spp., Bormus tomentellus 
3. Artemisia sieberi–Zygophylom eurypterum  
4. Zygophylom eurypterum- Artemisia sieberi  
5. Seidlitzia rosmarinus 
6. Halocnemum strobilaceum 

4. Methods of ordination analysis 

Ordination serves to summarize community data (such as species abundance data) by 
producing a low-dimensional ordination space in which similar species and samples are 
plotted close together, and dissimilar species and samples are placed far apart (Peet, 1980) 
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Figure 3. TWINSPAN of the vegetation cover in 270 quadrates and 9 species 
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Figure 4. Schematic comparison of Ordination techniques 
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Ordination methods can be divided in two main groups, direct and indirect methods. Direct 
methods use species and environment data in a single, integrated analysis. Indirect methods 
use the species data only (Fig 5). Finally, ordination techniques are used to describe 
relationships between species composition patterns and the underlying environmental 
gradients which influence these patterns. Although community ecology is a fairly young 
science, the application of quantitative methods began fairly early (McIntosh,. 1985).  

 
Figure 5. Schematic comparison of Ordination techniques 

In 1930, began to use informal ordination techniques for vegetation. Such informal and 
largely subjective methods became widespread in the early 1950’s (Whittaker 1967). In 1951, 
Curtis and McIntosh developed the ‘continuum index’, which later lead to conceptual links 
between species responses to gradients and multivariate methods. Shortly thereafter, 
Goodall (1954) introduced the term ‘ordination’ in an ecological context for Principal 
Components Analysis.  

Each method was applied to data from a North east of Semnan (In Iran). If objective of study 
is examining the distribution patterns of six plant type in the rangelands, ordination could 
be used to determine which species are commonly found associated with one another, and 
how the species composition of the community changes with increase and decrease in each 
environment factor (Zare Chahouki et al, 2010). The objective of this method was to establish 
a monitoring system that may serve to identify and predict future vegetation changes and to 
assess impacts of conservation and management practices. 

There are several different ordination techniques, all of which differ slightly, in the 
mathematical approach used to calculate species and sample similarity/dissimiarity. Rather 
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Figure 5. Schematic comparison of Ordination techniques 
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than reinventing the wheel by discussing each of these techniques. Our example study 
illustrates the most frequent use of ordination methods in community ecology, we will offer 
only a brief description of the most commonly used methods here. Further details can be 
found in the following. 

Polar Ordination (PO) 

Bray and Curtis (1957) developed polar ordination, which became the first widely-used 
ordination technique in ecology.  

Polar Ordination arranges samples with respect to poles (also termed end points or 
reference points) according to a distance matrix (Bray and Curtis 1957). These endpoints are 
two samples with the highest ecological distance between them, or two samples suspected 
of being at opposite ends of an important gradient. This method is especially useful for 
investigating ecological change (e.g., succession, recovery).  

For example, Fig 6 shows ordination diagram for vegetation types and soil variables by 
Bray-Curtis analysis.  

Endpoints for axis 1 was Halocnemum strobilaceum, Artemisia aucheri-Astragalus spp-Bromus 
tomentellus. Distances (ordination scores) are from Halocnemum strobilaceum Sum of squares 
of non-redundant distances in original matrix was .199621E+12. Axis 1 extracted 100.00% of 
the original distance matrix. Sum of squares of residual distances remaining is .672048E+05. 
Regression coefficient for this axis was -6.40 and Variance in distances from the first 
endpoint was 0.65. 

Endpoints for axis 2:  Artemisia sieberi-Zygophylum eurypterum, Ar.au-As.spp-Br.to distances 
(ordination scores) were from Artemisia siberi-Zygophylum eurypterum. Regression coefficient 
for this axis was -3.53. Variance in distances from the first endpoint was 0.0. 

Axis 2 extracted 1.87% of the original distance matrix, Cumulative was 98.15%. Sum of 
squares of residual distances remaining was .948501E-01. 

Polar ordination has strengths and weaknesses. The advantage of this method is that: (Beals 
1984).  

1. It is Simple, easy to understand geometric method, easily taught. 
2. It is Ideal for evaluating problems with discrete endpoints. Polar Ordination ideal for 

testing specific hypotheses (e.g., reference condition or experimental design) by 
subjectively selecting the end points 

The weaknesses of Polar Ordination method is that: (Beals 1984). 

1. Axes are not orthogonal. With large data sets, it may be difficult to get a consistent 
ordination. 

2. Not completely objective won't always get the same answer. However, this is a function 
of the decision regarding reference stands, and is really amounts to viewing the 
ordination from different angles, although the problem of nonorthogonal axes can cause 
considerable distortion to the ordination space. 
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Some of this problem can be overcome by using rules to define the reference stands. 
3. Distances are not metric (i.e., they are relative only) 
4. No explicit statement of underlying model. 

In the earliest versions of PO, these endpoints were the two samples with the highest 
ecological distance between them, or two samples which are suspected of being at opposite 
ends of an important gradient (thus introducing a degree of subjectivity). 

Beals (1984) extended Bray-Curtis ordination and discussed its variants, and is thus a useful 
reference. The polar ordination, simplest method is to choose the pair of samples, not 
including the previous endpoints, with the maximum distance of separation.  

 

 
Figure 6. Bray-Curtis–ordination diagram of the environmental data. For vegetation types and 
variables abbreviations. (∆) is the representative of the vegetation types.  
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These patterns are consistent with others in the literature (cited and reanalyzed in Palmer 
1986). 

Principal Components Analysis (PCA) 

Principal Components Analysis (PCA) was one of the earliest ordination techniques applied 
to ecological data. PCA uses a rigid rotation to derive orthogonal axes, which maximize the 
variance in the data set. Both species and sample ordinations result from a single analysis. 
Computationally, Principal components analysis is the basic eigen analysis technique.  It 
maximizes the variance explained by each successive axis.  

The sum of the eigenvalues will equal the sum of the variance of all variables in the data set. 
PCA is relatively objective and provides a reasonable but crude indication of relationships.  

PCA was invented in 1901 by Karl Pearson (Dunn,et al,1987) Now it is mostly used as a tool 
in exploratory data analysis and for making predictive models.  

PCA is a method that reduces data dimensionality by performing a covariance analysis 
between factors (Feoli and Orl¢ci. 1992). 

This method is a mathematical procedure that uses an orthogonal transformation to convert 
a set of observations of possibly correlated variables into a set of values of uncorrelated 
variables called principal components.  

The number of principal components is less than or equal to the number of original 
variables. This transformation is defined in such a way that the first principal component 
has as high a variance as possible (that is, accounts for as much of the variability in the data 
as possible), and each succeeding component in turn has the highest variance possible under 
the constraint that it be orthogonal to (uncorrelated with) the preceding components (ter 
Braak and Sˇmilauer, 1998).  

PCA method was used to determine the association between plant communities and 
environmental variables, i.e. in an indirect non-canonical way (ter Braak and Loomans, 
1987). 

For example to determine the most effective variables on the separation of vegetation types, 
PCA was performed for 22 factors in six vegetation types. The results of the PCA ordination 
are presented in Table 3 and Fig.5. Broken-stick eigenvalues for data set indicate that the first 
two principal components (PC1 and PC2) resolutely captured more variance than expected by 
chance. The first two principal components together accounted for 86% of the total variance in 
data set. Therefore, 61% and 25% variance were accounted for by the first and second principal 
components, respectively. This means that the first principal component is by far the most 
important for representing the variation of the six vegetation types. 

Considering the characteristics of solidarity with the components, the first component 
includes silt and gravel in 20-80 depth, Available moisture in 0-20 depth, sand, gypsum and 
EC of both the depths. The second component consists of clay in 0-20 depth and lime in both 
depths. 
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AXIS Eigenvalue % of Variance
Cum.% of 

Var. 
Broken-stick 
Eigenvalue 

1 13.494 61.335 61.335 3.691 
2 5.512 25.053 86.388 2.691 
3 1.460 6.636 93.024 2.191 
4 0.968 4.398 97.422 1.857 
5 0.567 2.578 100.000 1.607 
6 0.000 0.000 100.000 1.407 
7 0.000 0.000 100.000 1.241 
8 0.000 0.000 100.000 1.098 
9 0.000 0.000 100.000 0.973 
10 0.000 0.000 100.000 0.862 
       

Factor 1 2 3 4 5 6 
gr1 -0.2636 0.0012 -0.0447 -0.0562 0.3161 0.1371 
gr2 -0.2589 0.0904 0.0166 -0.1657 0.2022 0.0355 

clay1 0.1792 0.3148 0.1002 -0.0093 0.1005 -0.1242 
clay2 0.1504 0.2595 -0.3168 -0.3208 -0.3702 -0.2055 
silt1 0.2476 0.0278 -0.1910 0.3450 0.0191 0.1166 
silt2 0.2691 0.0624 -0.0028 0.0323 0.0133 -0.0807 

sand1 -0.2437 -0.1583 0.0828 -0.2235 -0.0573 -0.0706 
sand2 -0.2356 -0.1862 0.1819 0.0264 0.1395 0.0824 
lim1 0.0828 -0.3939 -0.0644 -0.0424 0.2794 0.0946 
lim2 0.1606 -0.3190 0.0101 -0.1881 0.3162 0.0212 

O.M1 -0.0253 0.3944 -0.0388 -0.0561 0.4768 0.0649 
O.M2 -0.0768 0.2109 0.2962 0.3680 0.0688 -0.0525 
A.W1 0.2440 0.1148 -0.2414 0.1038 0.2249 0.1069 
A.W2 0.2353 0.1306 -0.2399 0.0725 0.3501 0.1342 
gyp1 0.2662 -0.0688 0.0925 -0.0716 0.0125 -0.1236 
gyp2 0.2662 -0.0688 0.0925 -0.0716 0.0125 -0.1257 
EC1 0.2662 -0.0693 0.0957 -0.0628 0.0188 -0.1148 
EC2 0.2653 -0.0729 0.1017 -0.0773 0.0127 -0.1281 
pH1 -0.1360 -0.1130 -0.6739 0.0644 -0.1513 0.2438 
pH2 -0.2205 -0.1334 -0.2747 0.3324 0.2260 -0.8329 

elevat -0.1945 0.2594 0.0252 0.3383 -0.1141 0.0904 
sl -0.1345 0.2559 -0.1863 -0.5878 0.1327 -0.1505 

*Non-trivial principal component as based on broken-stick eigenvalues 

Table 3. PCA applied to the correlation matrix of the environmental factors in the study area 
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In the study area, environmental conditions in Halocnemum strobilaceum type differ from the 
others. With attention to the position of this type in the four quarter of the diagram, it has a 
high correlation with the first axis. Therefore, this type has the most relation with variables 
of the first axis.  

Because of the bigger distance of H. strobilaceum type from the second axis, this type has a 
weak relation with factors such as clay and lime. Artemisia sieberi-Eurotia ceratoides and 
Seidlitzia rosmarinus types have inverse relation with indicator environmental characteristics 
of the first and second axes except for clay, sand and gravel. A. aucheri–Astragalus. spp.-
Bromus tomentellus type has more relation with indicator characteristics of the first and 
second axes. 

Indicator environmental factors of the first and second axes in A. sieberi–Zygophylom 
eurypterum and Z. eurypterum-A. sieberi types are approximately similar. A. sieberi–Z. 
eurypterum type has a direct relationship with gravel and sand, and an inverse relationship 
with EC, silt, available moisture and gypsum. While A. aucheri-As. spp.-B. tomentellus type 
has a direct relationship with clay and inversely related to lime. 
 

 
Figure 7. PCA–ordination diagram of the vegetation types related to the environmental factors in the 
study area. For vegetation types abbreviations, see Appendix A. 

 
Classification and Ordination Methods as a Tool for Analyzing of Plant Communities 237 

PCA operation can be thought of as revealing the internal structure of the data in a way 
which best explains the variance in the data. It is a way of identifying patterns in data, and 
expressing the data in such a way as to highlight their similarities and differences. Since 
patterns in data can be hard to find in data of high dimension, where the luxury of graphical 
representation is not available, PCA is a powerful tool for analyzing data  

The one advantage of PCA is that once you have found patterns in the data, and you 
compress the data, ie by reducing the number of dimensions, without much loss of 
information and While PCA finds the mathematically optimal method (as in minimizing the 
squared error), it is sensitive to outliers in the data that produce large errors PCA tries to 
avoid. It therefore is common practice to remove outliers before computing PCA.  

However, in some contexts, outliers can be difficult to identify. For example in data mining 
algorithms like correlation clustering, the assignment of points to clusters and outliers is not 
known beforehand.  

A recently proposed generalization of PCA based on Weighted PCA increases robustness by 
assigning different weights to data objects based on their estimated relevancy. 

Although it has severe faults with many community data sets, it is probably the best 
technique to use when a data set approximates multivariate normality.  PCA is usually a 
poor method for community data, but it is the best method for many other kinds of 
multivariate (Bakus, 2007). 

In general, once eigenvectors are found from the covariance matrix, the next step is to order 
them by eigenvalue, highest to lowest. This gives you the components in order of 
significance. Now, if you like, you can decide to ignore the components of lesser 
significance. You do lose some information, but if the eigenvalues are small, you don’t lose 
much. If you leave out some components, the final data set will have less dimensions than 
the original.  

To be precise, if you originally have dimensions in your data, and so you calculate 
eigenvectors and eigenvalues, and then you choose only the first eigenvectors, then the final 
data set has only dimensions. What needs to be done now is you need to form a feature 
vector, which is just a fancy name for a matrix of vectors. This is constructed by taking the 
eigenvectors that you want to keep from the list of eigenvectors, and forming a matrix with 
these eigenvectors in the columns. 

Deriving the new data set is the final step in PCA, and is also the easiest. Once we have 
chosen the components (eigenvectors) that we wish to keep in our data and formed a feature 
vector, we simply take the transpose of the vector and multiply it on the left of the original 
data set, transposed. 

In the case of keeping both eigenvectors for the transformation, we get the data and the plot 
found in Figure 5. This plot is basically the original data, rotated so that the eigenvectors are 
the axes. This is understandable since we have lost no information in this decomposition. 

In figure 5 showed sample of PCA–ordination diagram of the vegetation types related to the 
environmental factors.  
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In contrast to Correspondence Analysis and related methods (see below), species are 
represented by arrows. This implies that the abundance of the species is continuously 
increasing in the direction of the arrow, and decreasing in the opposite direction.  

Canonical correspondence analysis (CCA) 

Canonical correspondence analysis (CCA) is a direct gradient analysis that displays the 
variation of vegetation in relation to the included environmental factors by using 
environmental data to order samples (Kent & Coker, 1992). This method combines multiple 
regression techniques together with various forms of correspondence analysis or reciprocal 
averaging (Ter Braak, 1986, 1987). The statistical significance of the relationship between the 
species and the whole set of environmental variables was evaluated using Monte Carlo 
permutation tests.  

The CCA analysis method Ordination is a combination of conventional linear Environment 
variables with the highest value of dispersion Species shows. In other words, the best weight 
for CCA describes environment variables with the first axis shows. Species information 
structure using a reply CCA Nonlinear with the linear combination of variables will consider 
environmental characteristics of acceptable behavior characteristics of species with 
environment shows. CCA analysis combined with non-linear species and environmental 
factors shows the most important environmental variable in connection with the axes shows. 

In ecology studies, the ordination of samples and species is constrained by their 
relationships to environmental variables.  

The adventag of CCA Analysis is that: (Palmer, 1993) 

1. Patterns result from the combination of several explanatory variables. And many 
extensions of multiple regressions (e.g. stepwise analysis and partial analysis) also 
apply to CCA. 

2. It is possible to test hypotheses (though in CCA, hypothesis testing is based on 
randomization procedures rather than distributional assumptions).  

3. Another advantage of CCA lies in the intuitive nature of its ordination diagram, or 
triplot. It is called a triplot because it simultaneously displays three pieces of 
information: samples as points, species as points, and environmental variables as 
arrows (or points).  
If data sets are few, CCA triplots can get very crowded then should be separate the 
parts of the triplot into biplots or scatterplots (e.g. plotting the arrows in a different 
panel of the same figure) or rescaling the arrows so that the species and sample scores 
are more spread out. And we can only plotting the most abundant species (but by all 
means, keep the rare species in the analysis). 

4. When species responses are unimodal, and by measuring the important underlying 
environmental variables, CCA is most likely to be useful. 

And one of limitations to CCA is that correlation does not imply causation, and a variable that 
appears to be strong may merely be related to an unmeasured but ‘true’ gradient. As with any 
technique, results should be interpreted in light of these limitations (McCune 1999). 
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It was used to examine the relationships between the measured variables and the 
distribution of plant communities (Ter Braak, 1986). CCA expresses species relationships as 
linear combinations of environmental variables and combines the features of CA with 
canonical correlation analysis (Green, 1989). This provides a graphical representation of the 
relationships between species and environmental factors. 

Canonical Correlation Analysis is presented as the standard method to relate two sets of 
variables (Gittins, 1985). However, the latter method is useless if there are many species 
compared to sites, as in many ecological studies, because its ordination axes are very 
unstable in such cases.  

The best weight for CCA describes environment variables with the first axis shows. Species 
information structure using a reply CCA Nonlinear with the linear combination of variables 
will consider environmental characteristics of acceptable behavior characteristics of species 
with environment shows. CCA analysis combined with non-linear species and 
environmental factors shows the most important environmental variable in connection with 
the axes shows. 

In Canonical Correspondence Analysis, the sample scores are constrained to be linear 
combinations of explanatory variables. CCA focuses more on species composition, i.e. 
relative abundance. 

When a combination of environmental variables is highly related to species composition, 
this method, will create an axis from these variables that makes the species response curves 
most distinct. The second and higher axes will also maximize the dispersion of species, 
subject to the constraints that these higher axes are linear combinations of the explanatory 
variables, and that they are orthogonal to all previous axis. 

Monte Carlo permutation tests were subsequently used within canonical correspondence 
analysis (CCA) to determine the significance of relations between species composition and 
environmental variables (ter Braak, 1987) 

The outcome of CCA is highly dependent on the scaling of the explanatory variables. 
Unfortunately, we cannot know a priori what the best transformation of the data will be, 
and it would be arrogant to assume that our measurement scale is the same scale used by 
plants and animals. Nevertheless, we must make intelligent guesses (Bakus, 2007). 

It is probably obvious that the choice of variables in CCA is crucial for the output. 
Meaningless variables will produce meaningless results. However, a meaningful variable 
that is not necessarily related to the most important gradient may still yield meaningful 
results (Palmer 1988). 

Explanatory variables need not be continuous in CCA. Indeed, dummy variables 
representing a categorical variable are very useful. A dummy variable takes the value 1 if 
the sample belongs to that category and 0 otherwise. Dummy variables are useful if you 
have discrete experimental treatments, year effects, different bedrock types, or in the case of 
the bryophyte example, host tree species (Bakus, 2007). 
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If many variables are included in an analysis, much of the inertia becomes ‘explained’. Any 
linear transformation of variables (e.g. kilograms to grams, meters to inches, Fahrenheit to 
Centigrade) will not affect the outcome of CCA whatsoever. 

There are as many constrained axes as there are explanatory variables. The total ‘explained 
inertia’ is the sum of the eigenvalues of the constrained axes. The remaining axes are 
unconstrained, and can be considered ‘residual’. The total inertia in the species data is the 
sum of eigenvalues of the constrained and the unconstrained axes, and is equivalent to the 
sum of eigenvalues, or total inertia, of CA. Thus, explained inertia, compared to total inertia, 
can be used as a measure of how well species composition is explained by the variables. 
Unfortunately, a strict measure of ‘goodness of fit’ for CCA is elusive, because the arch effect 
itself has some inertia associated with it (Bakus, 2007). 

The ordination diagrams of canonical correlation analysis and redundancy analysis display the 
same data tables; the difference lies in the precise weighing of the species (ter Braak, 1987, 
1990; ter Braak & Looman, 1994). Recent, good ecological examples of canonical correlations 
analysis, with many more sites than species, are Van der Meer (1991) and Varis (1991). 

For example, according to Tables 4 and5, first axis (Eigenvalue=0.869) accounted for 98.7% 
variation in environmental factors data. Correlation between the first axis and species–
environmental variables was 0.99 and Monte Carlo permutation test for the first axis was 
highly significant (P=0.01). The second axis (Eigenvalue=0.182) explained 0.4% variation in 
data set. Correlation between the second axis and species–environmental variables was 0.92. 
In addition, the Monte Carlo test for the second axis was highly significant (P=0.02). 
 

 Axis 1 Axis 2 Axis 3 
Eigenvalue 0.869 0.003 0.003 
Variance in species data    
% of variance explained 98.7 0.4 0.3 
Cumulative % explained 98.7 99.1 99.4 
Pearson Correlation, Spp-Envt* 0.998 0.920 0.959 
Kendall (Rank) Corr., Spp-Envt 0.481 0.706 0.584 

* Correlation between sample scores for an axis derived from the species data and the sample scores that are linear 
combinations of the environmental variables. Set to 0.000 if axis is not canonical. 

Table 4. Canonical correspondence analysis for environmental data. 

 

Axis Spp-Envt Corr. Mean Minimum Maximum p 
1 0.998 0.838 0.195 0.996 0.0100 
2 0.920 0.607 0.072 0.935 0.0200 
3 0.959 0.342 0.032 0.709 0.0100 

p = proportion of randomized runs with species-environment correlation greater than or equal to the observed  
Species-environment correlation; i.e., p = (1 + no. permutations >= observed)/(1 + no. permutations) 

Table 5. Mont Carlo test result –Speacies-Enviroment 
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Species responses to environmental conditions cannot be inferred in a causal way from 
multivariate analysis or any other statistical method; however, these techniques are useful to 
identify spatial distribution patterns and to assess which of the included environmental 
variables contribute most to species variability and which factors should be experimentally 
tested (D ´ez et al, 2003). 

The results of CCA ordination are presented in Fig.8. Each environmental factor is an indicator 
of the specific habitat. Artemisia sieberi-Eurotia ceratoides, A. sieberi–Zygophylum eurypterum and 
Zygophylom eurypterum- A. sieberi types have nonlinear relation with gravel, sand, silt, clay, 
lime, organic matter and available moisture. Relation power depends on the relative distance 
between indicator points of soil characteristics and vegetation types. H. strobilaceum type has 
non linear relation with gypsum and EC in both layers that is, EC and gypsum are indicator of 
habitat of this type. A. sieberi–Z. eurypterum and Z. eurypterum- A. sieberi types have non linear 
relation with them while A.aucheri-As.sp. and S. rosmarinus types are different from each other 
and they have less non linear relation with ecological factors. 

 
Figure 8. CCA–ordination diagram of the environmental data. For vegetation types and variables 
abbreviations, see Appendix A. (∆) is the representative of the vegetation types. (*) is the representative 
of the environmental factors. 
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Reciprocal Averaging (RA) - Correspondence Analysis 

RA is an ordination technique related conceptually to weighted averages. Because one 
algorithm for finding the solution involves the repeated averaging of sample scores and 
species scores (citations), Correspondence Analysis (CA) is also known as reciprocal 
averaging (Gittins, 1985).   

RA places sampling units and species on the same gradients, and maximizes variation 
between species and sample scores using a correlation coefficient. It serves as a relatively 
objective analysis of community data.  

CA is a graphical display ordination technique which simultaneously displays the rows 
(sites) and columns (species) of a data matrix in low dimensional space (Gittins, 1985). Row 
identifiers (species) plotted close together are similar in their relative profiles, and column 
identifiers plotted close together are correlated, enabling one to interpret not only which of 
the taxa are clustered, but also why they are clustered (Zhang et al,2005). Reciprocal analysis 
and canonical correlation analysis are linear methods. So, if well produced, their ordination 
diagrams are biplots or the superposition of biplots (a triplot). For illustration I use the Dune 
Meadow Data from Jongman et al. (1987). Reciprocal averaging is performed in PC-ORD by 
selecting options in program. Reciprocal averaging (RA) yields both normal and transpose 
ordinations automatically. Like DCA, RA ordinates both species and samples 
simultaneously. RA is the new technique that selects the linear combination of 
environmental variables that maximizes the description of the species scores. This gives the 
first RA axis. In RA, composite gradients are linear combinations of environmental 
variables, giving a much simpler analysis and the non-linearity enters the model through a 
unimodal model for a few composite gradients, taken care of in RA by weighted averaging. 
It provides a summary of the species-environment relations. This method is an ordination 
technique related conceptually to weighted averages. Results are generally superior to the 
results from PCA. However, RA axis ends are compressed relative to the middle, and the 
second axis is often a distortion of the first axis, resulting in an arched effect. 

For example the analysis of variance showed in table.4 that there was a significant 
correlation among species and soil axis. The eigenvalues represent the variance in the 
sample scores. RA axis 1 has an eigenvalue of 0.86. RA axis 2 with an eigenvalue of 0.017 is 
less important. Table 6 shows the score classified site. Total variance (inertia) in the species 
data is 0.8887. 

The results of RA ordination are presented in Fig 6. Six group sites were determined in 
relation to the environmental factors. Sites were determined in relation to the environmental 
factors.  

The eigenvalue of the CA axis is equivalent to the correlation coefficient between species 
scores and sample scores (Gauch 1982b, Pielou 1984). It is not possible to arrange rows 
and/or columns in such a way that makes the correlation higher. The second and higher axes 
also maximize the correlation between species scores and sample scores, but they are 
constrained to be uncorrelated with (orthogonal to) the previous axes.  
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Since CA is a unimodal model, species are represented by a point rather than an arrow 
(Figure 7). This is (under some choices of scaling; see ter Braak and Šmilauer 1998) the 
weighted average of the samples in which that species occurs. With some simplifying 
assumptions (ter Braak and Looman 1987), the species score can be considered an estimate 
of the location of the peak of the species response curve (Figure 7). 

 
Figure 9. RA–ordination diagram of the environmental data. For vegetation types and variables 
abbreviations. (∆) is the representative of the vegetation types. (+) is the representative of the 
environmental factors. 
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However, RA axis ends are compressed relative to the middle, and the second axis is often a 
distortion of the first axis, resulting in an arched effect. 
 

N   NAME AX1 AX2 AX3 RANKED 1 RANKED 2 
    EIG=0.861 EIG=0.017 

1 Ar.si-Er.ce 2443 55 -97 1 Ar.si-Er.ce 2443 
5 Ar.au-
As.spp-B.to 

206 

2 Ha.sp -25 0 0 3 Ar.si-Zy.eu 2441 2Ha.st 55 

3 Ar.si-Zy.eu 2441 -73 -72 
5Ar.au-As.spp-
B.to 

2435 1 Ar.si-Er.ce 0 

4 Zy.eu-Ar.si 2421 -69 -25 4Zy.eu-A.si 2421 4Zy.eu-A.si 69 
5 Ar.au-
As.spp-B.to 

2435 206 76 6Se.ro 2399 3 Ar.si-Zy.eu 73 

6 Se.ro 2399 -161 131 2Ha.st -25 6Se.ro 161 

Table 6. Sample scores - which are weighted mean species scores 

Row identifiers (species) plotted close together are similar in their relative profiles, and 
column identifiers plotted close together are correlated, enabling one to interpret not only 
which of the taxa are clustered, but also why they are clustered (Bakus,2007). 

Reciprocal averaging (RA) yields both normal and transpose ordinations automatically. Like 
DCA, RA ordinates both species and samples simultaneously. Instead of maximizing 
‘variance explained’, CA maximizes the correspondence between species scores and sample 
scores.  

If species scores are standardized to zero mean and unit variance, the eigenvalues also 
represent the variance in the sample scores (but not, as is often misunderstood, the variance 
in species abundance).  

The CA distortion is called the arch effect, which is not as serious as the horseshoe effect of 
PCA because the ends of the gradients are not incurved. Nevertheless, the distortion is 
prominent enough to seriously impair ecological interpretation (Bakus, 2007). 

In other words, the spacing of samples along an axis may not affect true differences in 
species composition. The problems of gradient compression and the arch effect led to the 
development of Detrended Correspondence Analysis. 

Detrended Correspondence Analysis (DCA) 

Detrended correspondence analysis (DCA), an ordination technique used to describe 
patterns in complex data sets, and produced the following sequence of ordination axis 
scores (ter Braak,1986).  

DCA is an eigenvector ordination technique based on Reciprocal Averaging, correcting for 
the arch effect produced from RA. Hill and Gauch (1980) report DCA results are superior to 
those of RA. Other ecologists criticize the detrending process of DCA. DCA is widely used 
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for the analysis of community data along gradients. DCA ordinates samples and species 
simultaneously. It is not appropriate for the analysis of a matrix of similarity values between 
community data (Gauch, 1982b).  

Detrended Correspondence Analysis (DCA) eliminates the arch effect by detrending (Hill 
and Gauch 1982). There are two basic approaches to detrending: by polynomials and by 
segments (ter Braak and Šmilauer 1998). Detrending by polynomials is the more elegant of 
the two: a regression is performed in which the second axis is a polynomial function of the 
first axis, after which the second axis is replaced by the residuals from this regression. 
Similar procedures are followed for the third and higher axes. Unfortunately, results of 
detrending by polynomials can be unsatisfactory and hence detrending by segments is 
preferred. To detrend the second axis by segments, the first axis is divided up into segments, 
and the samples within each segment are centered to have a zero mean for the second axis 
(see illustrations in Gauch 1982). The procedure is repeated for different ‘starting points’ of 
the segments. Although results in some cases are sensitive to the number of segments 
(Jackson and Somers 1991), the default of 26 segments is usually satisfactory. Detrending of 
higher axes proceeds by a similar process. 

One way to determine this relationship is to analyze the species data first by detrended 
correspondence analysis (DCA) and to examine the length of the maximum gradient. If the 
gradient exceeds 3 sd (sd¼standard deviation) (most of the species are replaced along the 
gradient), the data show unimodal response (Hill & Gauch, 1980). For example, in North 
East  rangeland of Semnan, DCA axis 1 has an eigenvalue of 0.86 and a gradient length of 
15.44. DCA axis 2 with an eigenvalue of 0.016 and a gradient length of 0.39 is less important. 
Fig 8 shows ordination diagram for vegetation types and soil variables. Table 5 shows the 
score classified site. 
 

N   NAME AX1 AX2 AX3 RANKED 1 RANKED 2 
    EIG=0.861 EIG=0.017 

1 Ar.si-Er.ce 1714 23 10 1 Ar.si-Er.ce 1714 
5 Ar.au-As.spp-
B.to 

39 

2 Ha.sp 0 27 12 3 Ar.si-Zy.eu 1713 2Ha.st 27 

3 Ar.si-Zy.eu 1713 8 0 
5Ar.au-As.spp-
B.to 

1710 1 Ar.si-Er.ce 23 

4 Zy.eu-Ar.si 1704 9 14 4Zy.eu-A.si 1704 4Zy.eu-A.si 9 
5 Ar.au-
As.spp-B.to 

1710 12 12 6Se.ro 1694 3 Ar.si-Zy.eu 8 

6 Se.ro 1694 0 15 2Ha.st 0 6Se.ro  

Table 7. Sample Scores- Weighted are weighted mean species scores (FIRST 6 EIGENVECTORS) 

Figure 8 is an example of ordination plots showing the sites plotted on two axes.  The 
ordination was a detrended correspondence analysis, and the sites with the same treatment 
level are outline for clarity. 
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However, RA axis ends are compressed relative to the middle, and the second axis is often a 
distortion of the first axis, resulting in an arched effect. 
 

N   NAME AX1 AX2 AX3 RANKED 1 RANKED 2 
    EIG=0.861 EIG=0.017 

1 Ar.si-Er.ce 2443 55 -97 1 Ar.si-Er.ce 2443 
5 Ar.au-
As.spp-B.to 

206 

2 Ha.sp -25 0 0 3 Ar.si-Zy.eu 2441 2Ha.st 55 

3 Ar.si-Zy.eu 2441 -73 -72 
5Ar.au-As.spp-
B.to 

2435 1 Ar.si-Er.ce 0 

4 Zy.eu-Ar.si 2421 -69 -25 4Zy.eu-A.si 2421 4Zy.eu-A.si 69 
5 Ar.au-
As.spp-B.to 

2435 206 76 6Se.ro 2399 3 Ar.si-Zy.eu 73 

6 Se.ro 2399 -161 131 2Ha.st -25 6Se.ro 161 

Table 6. Sample scores - which are weighted mean species scores 

Row identifiers (species) plotted close together are similar in their relative profiles, and 
column identifiers plotted close together are correlated, enabling one to interpret not only 
which of the taxa are clustered, but also why they are clustered (Bakus,2007). 

Reciprocal averaging (RA) yields both normal and transpose ordinations automatically. Like 
DCA, RA ordinates both species and samples simultaneously. Instead of maximizing 
‘variance explained’, CA maximizes the correspondence between species scores and sample 
scores.  

If species scores are standardized to zero mean and unit variance, the eigenvalues also 
represent the variance in the sample scores (but not, as is often misunderstood, the variance 
in species abundance).  

The CA distortion is called the arch effect, which is not as serious as the horseshoe effect of 
PCA because the ends of the gradients are not incurved. Nevertheless, the distortion is 
prominent enough to seriously impair ecological interpretation (Bakus, 2007). 

In other words, the spacing of samples along an axis may not affect true differences in 
species composition. The problems of gradient compression and the arch effect led to the 
development of Detrended Correspondence Analysis. 

Detrended Correspondence Analysis (DCA) 

Detrended correspondence analysis (DCA), an ordination technique used to describe 
patterns in complex data sets, and produced the following sequence of ordination axis 
scores (ter Braak,1986).  

DCA is an eigenvector ordination technique based on Reciprocal Averaging, correcting for 
the arch effect produced from RA. Hill and Gauch (1980) report DCA results are superior to 
those of RA. Other ecologists criticize the detrending process of DCA. DCA is widely used 
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for the analysis of community data along gradients. DCA ordinates samples and species 
simultaneously. It is not appropriate for the analysis of a matrix of similarity values between 
community data (Gauch, 1982b).  

Detrended Correspondence Analysis (DCA) eliminates the arch effect by detrending (Hill 
and Gauch 1982). There are two basic approaches to detrending: by polynomials and by 
segments (ter Braak and Šmilauer 1998). Detrending by polynomials is the more elegant of 
the two: a regression is performed in which the second axis is a polynomial function of the 
first axis, after which the second axis is replaced by the residuals from this regression. 
Similar procedures are followed for the third and higher axes. Unfortunately, results of 
detrending by polynomials can be unsatisfactory and hence detrending by segments is 
preferred. To detrend the second axis by segments, the first axis is divided up into segments, 
and the samples within each segment are centered to have a zero mean for the second axis 
(see illustrations in Gauch 1982). The procedure is repeated for different ‘starting points’ of 
the segments. Although results in some cases are sensitive to the number of segments 
(Jackson and Somers 1991), the default of 26 segments is usually satisfactory. Detrending of 
higher axes proceeds by a similar process. 

One way to determine this relationship is to analyze the species data first by detrended 
correspondence analysis (DCA) and to examine the length of the maximum gradient. If the 
gradient exceeds 3 sd (sd¼standard deviation) (most of the species are replaced along the 
gradient), the data show unimodal response (Hill & Gauch, 1980). For example, in North 
East  rangeland of Semnan, DCA axis 1 has an eigenvalue of 0.86 and a gradient length of 
15.44. DCA axis 2 with an eigenvalue of 0.016 and a gradient length of 0.39 is less important. 
Fig 8 shows ordination diagram for vegetation types and soil variables. Table 5 shows the 
score classified site. 
 

N   NAME AX1 AX2 AX3 RANKED 1 RANKED 2 
    EIG=0.861 EIG=0.017 

1 Ar.si-Er.ce 1714 23 10 1 Ar.si-Er.ce 1714 
5 Ar.au-As.spp-
B.to 

39 

2 Ha.sp 0 27 12 3 Ar.si-Zy.eu 1713 2Ha.st 27 

3 Ar.si-Zy.eu 1713 8 0 
5Ar.au-As.spp-
B.to 

1710 1 Ar.si-Er.ce 23 

4 Zy.eu-Ar.si 1704 9 14 4Zy.eu-A.si 1704 4Zy.eu-A.si 9 
5 Ar.au-
As.spp-B.to 

1710 12 12 6Se.ro 1694 3 Ar.si-Zy.eu 8 

6 Se.ro 1694 0 15 2Ha.st 0 6Se.ro  

Table 7. Sample Scores- Weighted are weighted mean species scores (FIRST 6 EIGENVECTORS) 

Figure 8 is an example of ordination plots showing the sites plotted on two axes.  The 
ordination was a detrended correspondence analysis, and the sites with the same treatment 
level are outline for clarity. 
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One additional note, the different plots illustrate another common approach when using 
ordination: including only data on certain species thought to be more important as indicator 
species. This allows for different runs of the test to detect similarities or differences in 
composition based on a particular group. 

 
(∆) is the representative of the vegetation types. (+) is the representative of the environmental factors. 

Figure 10. DCA–ordination diagram of the environmental data. For vegetation types and variables 
abbreviations.  

Nonmetric Multidimensional Scaling (NMS) 

NMS actually refers to an entire related family of ordination techniques. These techniques 
use rank order information to identify similarity in a data set. NMS is a truly nonparametric 
ordination method which seeks to best reduce space portrayal of relationships. The verdict 
is still out on this type of ordination. Gauch (1982b) claims NMS is not worth the extra 
computational effort and that it gives effective results only for easy data sets with low 
diversity. Others hold NMS is extremely effective (Kenkel and Orloci, 1986, Bradfield and 
Kenkel, 1987). 

DCA and NMDS are the two most popular methods for indirect gradient analysis. The 
reason they have remained side-by-side for so long is because, in part, they have different 
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strengths and weaknesses. While the choice between the two is not always straightforward, 
it is worthwhile outlining a few of the key differences. 

Some of the issues are relatively minor: for example, computation time is rarely an 
important consideration, except for the hugest data sets. Some issues are not entirely 
resolved: the degree to which noise affects NMDS, and the degree to which NMDS finds 
local rather than global options still need to be determined (Bakus, 2007). 

Since NMDS is a distance-based method, all information about species identities is hidden 
once the distance matrix is created. For many, this is the biggest disadvantage of NMDS 
(Bakus, 2007). 

 
Figure 11. NMS ordination of plant species and environmental factors in along the rangelands of 
Semnan in Iran 

DCA is based on an underlying model of species distributions, the unimodal model, while 
NMDS is not. Thus, DCA is closer to a theory of community ecology. However, NMDS may 
be a method of choice if species composition is determined by factors other than position 
along a gradient: For example, the species present on islands may have more to do with 
vicariance biogeography and chance extinction events than with environmental preferences 
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resolved: the degree to which noise affects NMDS, and the degree to which NMDS finds 
local rather than global options still need to be determined (Bakus, 2007). 

Since NMDS is a distance-based method, all information about species identities is hidden 
once the distance matrix is created. For many, this is the biggest disadvantage of NMDS 
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Semnan in Iran 

DCA is based on an underlying model of species distributions, the unimodal model, while 
NMDS is not. Thus, DCA is closer to a theory of community ecology. However, NMDS may 
be a method of choice if species composition is determined by factors other than position 
along a gradient: For example, the species present on islands may have more to do with 
vicariance biogeography and chance extinction events than with environmental preferences 
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– and for such a system, NMDS would be a better a priori choice. As De’ath (1999) points 
out, there are two classes of ordination methods - ‘species composition restoration’ (e.g. 
NMDS) and ‘gradient analysis’ (e.g. DCA). The choice between the methods should 
ultimately be governed by this philosophical distinction. 

Non-metric multidimensional scaling (NMS) (PC-ORD v. 4.25, 1999) was used to identify 
environmental variables correlated with plant species composition. A random starting location 
and Sorensen’s distance measurement were used with the NMS autopilot slow and thorough 
method. Stepwise multiple linear regression (S-PLUS, 2000) was used to select models 
correlating vegetation cover and structure with environmental factors. Environmental 
explanatory factors that were not significant contributors (as determined from using stepwise 
selection at α = 0.05) were excluded from the final model (Davies et al, 2007). 

A Monte Carlo test of 30 runs with randomized data indicated the minimum stress of the 2 
axes NMS ordination were lower than would be expected by chance ( p = 0.0968). The final 
stress and instability of the 2-D solution were 23.71 and 0.00001, respectively. The first 
ordination axis (NMS1) captured 41.9% of the variability in the dataset and the second (NMS2) 
captured 31.8%, leading a cumulative 73.7% of variance in dataset explained (Fig.11). 

5. Conclusion 

Multivariate statistical analysis techniques were used to establish the relationships between 
plant diversity, Topography and soil factors. Plant community, structure and biodiversity 
have been shown to have a high degree of spatial variability that is controlled by both 
abiotic and biotic factors (Fu et al, 2004). 

CCA is the constrained form of CA, and therefore is preferred for most ecological data sets 
(since unimodality is common). CCA also is appropriate under a linear model, as long as 
one is interested in species composition rather than absolute abundances (ter Braak and 
Šmilauer 1998). Correspondence analysis (CA) and canonical correspondence analysis 
(CCA) are widely used to obtain unconstrained unconstrained or constrained ordinations of 
species abundance data tables and the corresponding biplots or triplots which are extremely 
useful for ecological interpretation CA provided a good approximation for species with 
unimodal distributions along a single environmental gradient. There is a problem with this 
metric, however: a difference between abundance values for a common species contributes 
less to the distance than the same difference for a rare species, so that rare species may have 
an unduly large influence on the analysis (Greig-Smith 1983; ter Braak and Smilauer 1998; 
Legendre and Legendre 1998). 

The most other general ordination technique, nonmetric multidimensional scaling (NMDS), 
which is based on the rankings of distances between points (Shepard, 1962), circumvents the 
linearity assumption of metric ordination methods. This method, used in ecological 
investigations (Kenkel and Orloci, 1986), Comparative studies of ordination techniques 
have, moreover, demonstrated the superiority of NMDS, and some authors have re 
commended its use, notwithstanding the computational burden. 
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The NMDS approach can in fact be tested each time measures of re semblance or 
dissimilarity are used to classify OTUs, whatever the causes and origins of arrangements 
found (Guiller et al, 1998). 

In the biplots, where only the first two axes were used, all methods based upon PCA gave a 
fair representation of the relative numerical importance of the rare species. The weights in 
CCA are given by a diagonal matrix containing the square roots of the row sums of the 
species data table. This means that a site where many individuals have been observed 
contributes more to the regression than a site with few individuals. CCA should only be 
used when the sites have approximately the same number of individuals, or when one 
explicitly wants to give high weight to the richest sites. This problem of CCA was one of our 
incentives for looking for alternative methods for canonical ordination of community 
composition data. 

For the analysis of sites representing short gradients, PCA may be suitable. For longer 
gradients, many species are replaced by others along the gradient and this generates many 
zeros in the species data table. Community ecologists have repeatedly argued that the 
Euclidean distance (and thus PCA) is inappropriate for raw species abundance data 
involving null abundances (e.g. Orlóci 1978; Wolda 1981; Legendre and Legendre 1998). For 
that reason, CCA is often the method favoured by researchers who are analysing 
compositional data, despite the problem posed by rare species. 

De-trended correspondence analysis (DCA) is perhaps the most widely used method of 
indirect vegetation ordination. But direct ordination of vegetation and environment is 
achieved with canonical correspondence analysis (CCA). CCA is a relatively new method in 
which the axes of a vegetative ordination are restricted to linear groups of environmental 
variables (Zhang et al, 2006) 

DCA and CA analyses should be run with the ‘downweight rare species’ option selected. 
We generally do not recommend NMS with the Euclidean distance measure; it performed 
the worst empirically, and has no advantages over the other methods (Culman et al, 2008) 

Among the widely used ordination techniques for the plant community analysis Canonical 
Correspondence (CA) has shown to be superior to others such as PCA (Gauch, 1982). Most 
community data sets are heterogeneous and contain one or more gradients with lengths of 
at least two or three half-changes, which makes CA results ordinarily superior to PCA 
results. However, with relatively homogenous data sets with short gradients, PCA maybe 
better (Palmer, 1993). Despite the considerable superiority of the CA over PCA, CA is not 
superior to DCA, which corrects its two major faults such as “arch effect” and “compression 
of end of first axis” (Gauch, 1982; Kent & Coker, 1992). 

For complex and heterogeneous data sets, DCA is distinctive in its effectiveness 
androbustness (Gauch, 1982). Comparative tests of different indirect ordination techniques 
have shown that DCA provides a good result (Cazzier & Penny, 2002). This study found 
that DCA provides better results than CA results (Malik & Husein, 2006). 
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have been shown to have a high degree of spatial variability that is controlled by both 
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less to the distance than the same difference for a rare species, so that rare species may have 
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which is based on the rankings of distances between points (Shepard, 1962), circumvents the 
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investigations (Kenkel and Orloci, 1986), Comparative studies of ordination techniques 
have, moreover, demonstrated the superiority of NMDS, and some authors have re 
commended its use, notwithstanding the computational burden. 
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The NMDS approach can in fact be tested each time measures of re semblance or 
dissimilarity are used to classify OTUs, whatever the causes and origins of arrangements 
found (Guiller et al, 1998). 

In the biplots, where only the first two axes were used, all methods based upon PCA gave a 
fair representation of the relative numerical importance of the rare species. The weights in 
CCA are given by a diagonal matrix containing the square roots of the row sums of the 
species data table. This means that a site where many individuals have been observed 
contributes more to the regression than a site with few individuals. CCA should only be 
used when the sites have approximately the same number of individuals, or when one 
explicitly wants to give high weight to the richest sites. This problem of CCA was one of our 
incentives for looking for alternative methods for canonical ordination of community 
composition data. 

For the analysis of sites representing short gradients, PCA may be suitable. For longer 
gradients, many species are replaced by others along the gradient and this generates many 
zeros in the species data table. Community ecologists have repeatedly argued that the 
Euclidean distance (and thus PCA) is inappropriate for raw species abundance data 
involving null abundances (e.g. Orlóci 1978; Wolda 1981; Legendre and Legendre 1998). For 
that reason, CCA is often the method favoured by researchers who are analysing 
compositional data, despite the problem posed by rare species. 

De-trended correspondence analysis (DCA) is perhaps the most widely used method of 
indirect vegetation ordination. But direct ordination of vegetation and environment is 
achieved with canonical correspondence analysis (CCA). CCA is a relatively new method in 
which the axes of a vegetative ordination are restricted to linear groups of environmental 
variables (Zhang et al, 2006) 

DCA and CA analyses should be run with the ‘downweight rare species’ option selected. 
We generally do not recommend NMS with the Euclidean distance measure; it performed 
the worst empirically, and has no advantages over the other methods (Culman et al, 2008) 

Among the widely used ordination techniques for the plant community analysis Canonical 
Correspondence (CA) has shown to be superior to others such as PCA (Gauch, 1982). Most 
community data sets are heterogeneous and contain one or more gradients with lengths of 
at least two or three half-changes, which makes CA results ordinarily superior to PCA 
results. However, with relatively homogenous data sets with short gradients, PCA maybe 
better (Palmer, 1993). Despite the considerable superiority of the CA over PCA, CA is not 
superior to DCA, which corrects its two major faults such as “arch effect” and “compression 
of end of first axis” (Gauch, 1982; Kent & Coker, 1992). 

For complex and heterogeneous data sets, DCA is distinctive in its effectiveness 
androbustness (Gauch, 1982). Comparative tests of different indirect ordination techniques 
have shown that DCA provides a good result (Cazzier & Penny, 2002). This study found 
that DCA provides better results than CA results (Malik & Husein, 2006). 
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For example all ordination techniques, used in North East rangeland of Semnan, clearly 
indicated that gypsum, EC, slope are the most important factors for the distribution of the 
vegetation pattern.  

In the present study, combination of CCA, DCA and RA results showed that Ar.aucheri-As.spp-
Br.to, Artemisia sieberi-Erotia ceratoides, Ar.sieberi-Zy. eurypterum and Zy. eurypterum -Ar. sieberi 
types correlated with A.W2, gr2, O.M2 and clay1 factors and clay in 0-20 depth indicates 
Ar.aucheri-As.spp-Br.to type. H.strobilaceum type has strong relationship with soil salinity and 
heavy texture. This species showed a trend to high soluble rate, salinity and clay percent. S. 
rosmarinus types indicate soils with light texture and this type directly related to pH and lime 
percentage while St.barbata-A.aucheri type shows an inverse relation with these factors. 

I fact, analysis with DCA gave results similar to CCA, suggesting that there is a relatively 
strong correspondence between vegetation and environmental factors; with the difference 
that the DCA is less isolated the site. CCA better shows differences between types. RA 
shows relationship between sites and factors, like the CCA analysis. RA axis 1 has an 
eigenvalue of 0.86. RA axis 2 with an eigenvalue of 0.017 is less important. Total variance 
(inertia) in the species data is 0.8887.In this method eigenvalue of RA axis1 was higher than 
CCA and DCA axis1. This study reflects that a spatial approach dealing with the most 
distinctive species of vegetation communities can yield similar results to those obtained 
with costly physico-chemical analysis and based on complex matrices of plant communities.  

Similarity as this study, also Jafari et al (2003) in their study in Hoz-e-Soltan Reigion of Qom 
Province, showed that PCA analysis indicates that Halocnemum strobilaceum type has 
direct relationship with Salinity, Lime, pH and Loam. 

May this series of papers serve to enhance the understanding and the proper and creative 
use of ordination methods in community ecology. Finally, understanding relationships 
between environmental variables and vegetation distribution in each area helps us to apply 
these findings in management, reclamation, and development of arid and semi-arid 
grassland ecosystems (Alisauskas, 1998). The ability to factor out covariables and to test for 
statistical significance further extends the utility of CCA. 

Understanding the relationships between ecological variables and distribution of plant 
communities can provide guidance to sustainable management, reclamation and 
development of this and similar regions. In this sense, these results increase our 
understanding of distribution patterns of desert vegetation and related major environmental 
factors in the North East of Semnan. The results will also provide a theoretical base for the 
restoration of degenerated vegetation in this area. Understanding the indicator of 
environmental factors of a given site leads us to recommend adaptable species for 
reclamation and improvement of that site and similar sites (Zhang et al, 2005) 

Appendix 

Artemisia sieberi-Erotia ceratoides. A.sieberi-E.ceratoides 
Halocnemum strobilaceum H. strobilaceum 
Artemisia sieberi–Zygophylom eurypoides. A.sieberi-Z.eurypterum 
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Zygophylom eurypterum- Artemisia sieberi. Z.eurypterum –A.sieberi 
Artemisia aucheri-Astragalus spp.-Bromus tomentellus A.aucheri-As.sp.-Br.tomentellus 
Seidlitzia rosmarinus. S.rosmarinus 
Slope (%) slope 
Gravel (%) gr 
Clay (%) clay 
Silt   (%) silt 
Sand (%) sand 
Available moisture (%) A.W 
Gypsum (%) gyp 
Lime (%) Lim 
PH(acidity) pH 
Electrical conductivity (ds/m) EC 
Organic matter (%) O.M 
Elevation (meter) elevate 

Code 1 is related to the soil characteristics were measured in the first layer (0–20 cm) Code 2 
is related to the soil characteristics were measured in the second layer (20–80 cm) 
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For example all ordination techniques, used in North East rangeland of Semnan, clearly 
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percentage while St.barbata-A.aucheri type shows an inverse relation with these factors. 

I fact, analysis with DCA gave results similar to CCA, suggesting that there is a relatively 
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that the DCA is less isolated the site. CCA better shows differences between types. RA 
shows relationship between sites and factors, like the CCA analysis. RA axis 1 has an 
eigenvalue of 0.86. RA axis 2 with an eigenvalue of 0.017 is less important. Total variance 
(inertia) in the species data is 0.8887.In this method eigenvalue of RA axis1 was higher than 
CCA and DCA axis1. This study reflects that a spatial approach dealing with the most 
distinctive species of vegetation communities can yield similar results to those obtained 
with costly physico-chemical analysis and based on complex matrices of plant communities.  

Similarity as this study, also Jafari et al (2003) in their study in Hoz-e-Soltan Reigion of Qom 
Province, showed that PCA analysis indicates that Halocnemum strobilaceum type has 
direct relationship with Salinity, Lime, pH and Loam. 

May this series of papers serve to enhance the understanding and the proper and creative 
use of ordination methods in community ecology. Finally, understanding relationships 
between environmental variables and vegetation distribution in each area helps us to apply 
these findings in management, reclamation, and development of arid and semi-arid 
grassland ecosystems (Alisauskas, 1998). The ability to factor out covariables and to test for 
statistical significance further extends the utility of CCA. 

Understanding the relationships between ecological variables and distribution of plant 
communities can provide guidance to sustainable management, reclamation and 
development of this and similar regions. In this sense, these results increase our 
understanding of distribution patterns of desert vegetation and related major environmental 
factors in the North East of Semnan. The results will also provide a theoretical base for the 
restoration of degenerated vegetation in this area. Understanding the indicator of 
environmental factors of a given site leads us to recommend adaptable species for 
reclamation and improvement of that site and similar sites (Zhang et al, 2005) 

Appendix 

Artemisia sieberi-Erotia ceratoides. A.sieberi-E.ceratoides 
Halocnemum strobilaceum H. strobilaceum 
Artemisia sieberi–Zygophylom eurypoides. A.sieberi-Z.eurypterum 
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Zygophylom eurypterum- Artemisia sieberi. Z.eurypterum –A.sieberi 
Artemisia aucheri-Astragalus spp.-Bromus tomentellus A.aucheri-As.sp.-Br.tomentellus 
Seidlitzia rosmarinus. S.rosmarinus 
Slope (%) slope 
Gravel (%) gr 
Clay (%) clay 
Silt   (%) silt 
Sand (%) sand 
Available moisture (%) A.W 
Gypsum (%) gyp 
Lime (%) Lim 
PH(acidity) pH 
Electrical conductivity (ds/m) EC 
Organic matter (%) O.M 
Elevation (meter) elevate 

Code 1 is related to the soil characteristics were measured in the first layer (0–20 cm) Code 2 
is related to the soil characteristics were measured in the second layer (20–80 cm) 
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