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Abstract 
 

 

Multivariate and multiblock data analysis involves useful methodologies for 

analyzing large data sets in chemistry, biology, psychology, economics, 

sensory science, and industrial processes; among these methodologies, partial 

least squares (PLS) and orthogonal projections to latent structures (OPLS®) 

have become popular. Due to the increasingly computerized instrumentation, 

a data set can consist of thousands of input variables which contain latent 

information valuable for research and industrial purposes. When analyzing a 

large number of data sets (blocks) simultaneously, the number of variables 

and underlying connections between them grow very much indeed; at this 

point, reducing the number of variables keeping high interpretability becomes 

a much needed strategy. 

 

The main direction of research in this thesis is the development of a variable 

selection method, based on variable influence on projection (VIP), in order to 

improve the model interpretability of OnPLS models in multiblock data 

analysis. This new method is called multiblock variable influence on 

orthogonal projections (MB-VIOP), and its novelty lies in the fact that it is the 

first multiblock variable selection method for OnPLS models. 

 

Several milestones needed to be reached in order to successfully create MB-

VIOP. The first milestone was the development of a single-block variable 

selection method able to handle orthogonal latent variables in OPLS models, 

i.e. VIP for OPLS (denoted as VIPOPLS or OPLS-VIP in Paper I), which proved 

to increase the interpretability of PLS and OPLS models, and afterwards, was 

successfully extended to multivariate time series analysis (MTSA) aiming at 

process control (Paper II). The second milestone was to develop the first 

multiblock VIP approach for enhancement of O2PLS® models, i.e. VIPO2PLS for 

two-block multivariate data analysis (Paper III). And finally, the third 

milestone and main goal of this thesis, the development of the MB-VIOP 

algorithm for the improvement of OnPLS model interpretability when 

analyzing a large number of data sets simultaneously (Paper IV).  

 

The results of this thesis, and their enclosed papers, showed that VIPOPLS, 

VIPO2PLS, and MB-VIOP methods successfully assess the most relevant 

variables for model interpretation in PLS, OPLS, O2PLS, and OnPLS models. 

In addition, predictability, robustness, dimensionality reduction, and other 

variable selection purposes, can be potentially improved/achieved by using 

these methods. 
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Abbreviations 
 

 
a.u. Arbitrary units 

ALS Alternating least squares 

CPCA Consensus principal component analysis 

CTR Mean-centering 

DA Discriminant analysis 

EMSC Extended multiplicative signal correction 

Eucl. Euclidean norm 
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LV Latent variable 

MB Multiblock  

MBPLS Multiblock partial least squares 

MB-VIOP Multiblock variable influence on orthogonal projections 

MCR Multivariate curve resolution 

MSC  Multiplicative scatter correction 

MSPC Multivariate statistical process control 

MTSA Multivariate time series analysis 

MVA Multivariate data analysis 

NIR Near infrared  

O2PLS 2-block orthogonal projections to latent structures 

OnPLS N-block orthogonal projections to latent structures 

OPLS Orthogonal projections to latent structures 

PC Principal component   

PCA Principal component analysis 

PCR Principal component regression 

PLS Partial least squares projections to latent structures 

PP Pure profiles 

RMSECV Root mean square error of cross-validation 
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SNV Standard normal variate 

SS Sum of squares 
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UV Unit variance 
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VIP Variable influence on projection 

VIPO2PLS Variable influence on projection for 2-block orthogonal 

projections to latent structures 

VIPOPLS Variable influence on projection for orthogonal projections to 

latent structures 
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Notation 
 

 

In general, the notation used in this thesis is similar to the one used in other 

chemometrics literature. Scalars are written using italic characters (e.g. g, and 

G), vectors are typed in bold lower case characters (e.g. g), and matrices are 

defined as bold upper case characters (e.g. G). When necessary, the 

dimensions of the matrices are specified by a subscript type I x K, where I is 

the number of rows of the matrix and K is the number of columns. Transposed 

matrices are marked with the superscript T. Averages are denoted with a bar 

accent (e.g. �̅�), corrected or pre-treated parameters with a tilde accent (e.g. �̃�), 

and estimated or predicted parameters with a hat (e.g. �̂�). Matrix elements are 

represented by the corresponding matrix italic lower case character adding as 

subscripts the row and the column where they are located (e.g., for a G matrix, 

an element located in row i and column k would be indicated as gik). Subscripts 

p and o stand for predictive and orthogonal respectively. Notation referring to 

specific cases is explained in situ.  

 

Some specific notation of this thesis is listed below: 
 

a Model component or latent variable 

ao Orthogonal component 

ap Predictive component 

b Slope 

C Weights matrix of Y 

D Data matrix for multiblock cases with n blocks 

E Residual matrix of X 

F Residual matrix of Y 

G/g Global 

I Total number of objects 

K Total number of variables 

L / l Local 

o subscript for orthogonal 

Orth/o Orthogonal  

P Normalized loading matrix of X 

p subscript for predictive (sometimes omitted) 

Pred/p Predictive    

R Residual matrix of D 

s Standard deviation 



x 

 Offset 

T Score matrix of X 

tot Total   

tT Super score 

U Score matrix of Y 

U/u Unique 

W Weights matrix of X 

wT Super weight 

X  Data matrix / Data block 

XT Super matrix X 

Y Data matrix / Response block 
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Introduction 
 

 

Advanced data acquisition methodologies by means of highly computerized 

analytical instrumentation make big data sets with thousands of input 

variables possible to obtain. This data can contain relevant information for 

chemists, biologists, physicians, economists, psychologists, manufacturers, 

and other professionals. Interpreting large data sets, or making reliable 

predictions, is not straightforward, and it can be a difficult task if the right 

techniques are not used. Chemometrics, which is the chemical approach of 

multivariate data analysis, embraces this challenge. In 1997, Massart et al. [1] 

defined chemometrics as follows: “Chemometrics is a chemical discipline that 

uses mathematics, statistics and formal logic (a) to design or select optimal 

experimental procedures; (b) to provide maximum relevant chemical 

information by analyzing chemical data; and (c) to obtain knowledge about 

chemical systems”. Most of the statistical methods used in this thesis are 

applicable to other fields, such as psychology or economics, hence the term 

multivariate data analysis will be frequently used. Mathematicians and 

psychologists were early-producers of statistical methods for data analysis, 

e.g. the statistician Karl Pearson published the principal-axis method, which 

could be considered the first version of principal component analysis (PCA), 

in 1901 [2], and the psychometrician Paul Horst who posed one of the first 

multiblock approaches for data analysis in 1961 [3]. Various multivariate 

statistical methods were developed for analyzing large data sets during the 

20th and 21st centuries [4]. This thesis does not intend to cover a complete 

historical view for multivariate statistical methods, but some of the methods 

with highest relevance for the work of this thesis are later explained as part of 

its background.  

 

Multivariate latent models, e.g. PLS [5, 6] and OPLS® [7] models, are 

extensively used for interpretation and prediction of data; while their 

multiblock extensions, i.e. O2PLS® [8] and OnPLS [9], allow for analyzing 

three or more data sets simultaneously. These methods have a common 

principle, all them are based on the obtainment of latent variables from the 

input (manifest) variables. The input variables are the ones resulting from the 

measure of a property (e.g., temperature or a spectroscopic measure), whereas 

the latent variables are linear combinations of the input variables that follow 

a pattern. In the literature, the use of the unspecified word variables refers to 

input variables, and the word components to latent variables.  

 

In order to analyze data sets that contain a large number of input variables, 

a good strategy for reducing the model dimensionality (number of variables) 
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and, at the same time, improving the model interpretability, is to use a 

variable selection method to elucidate which variables are the most relevant 

ones for the model interpretation and which variables could be potentially 

eliminated for the obtainment of a reduced model (i.e., a model with less 

variables). By means of creating a reduced model with the variables that are 

more important for the model interpretation, it is possible to achieve a deeper 

knowledge of the data (i.e., higher model interpretability).  

 

The purpose of the three methods developed in this thesis is to increase the 

ability of PLS, OPLS, O2PLS, and OnPLS models for interpreting the data. All 

three new methods are based on variable influence on projection (VIP), but 

their formulations are changed for taking full advantage of the orthogonal 

components and different combinations of the model parameters. The 

incorporation of the orthogonal components to the three VIP approaches may 

lead to new interpretative information. In addition, the possibility of exploring 

the extent to which the variables influence the predictive and the orthogonal 

model compartments separately (i.e., the different types of variation), but also 

keeping the holistic view of the most important variables for the total model, 

can enhance the interpretability of the model.  

 

Many variable selection methods can be found in the literature; however, 

VIPOPLS, VIPO2PLS, and MB-VIOP, are the first model-based variable selection 

methods for OPLS, O2PLS, and OnPLS, that sort the variables according to 

their importance for the model interpretation, making possible a reduction of 

the model dimensionality and an enhancement of the interpretability of OPLS, 

O2PLS, and OnPLS models either targeting a specific type of variation or the 

total model. 

 

In the following chapters, the background of the most relevant multivariate 

methods used for the development of VIPOPLS (Papers I and II), VIPO2PLS 

(Paper III), and MB-VIOP (Paper IV), will be briefly explained; and 

afterwards, a chapter including the results and discussion for each developed 

VIP approach (i.e. VIPOPLS, VIPO2PLS, and MB-VIOP) will show the theoretical 

principles and the achieved improvements. A visual summary of these 

contents of the thesis is shown in Figure 1. Finally, some final conclusions and 

possible future work are included, as well as the acknowledgements and 

reference list.  
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Figure 1. Overview of the new three VIP approaches developed in this thesis (VIPOPLS, VIPO2PLS, 

and MB-VIOP). 
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                                                                                                                  “Before building the roof, 

you need to build the pillars” 

                                                                                                                  (My parents) 

CHAPTER 1                                                                    . 
 

Background 
 

  

 

The background related to the methodologies involved in this thesis work 

is provided in this Chapter. The methodologies are grouped in data pre-

treatment (see Section 1.1), modeling techniques (see Section 1.2), variable 

influence on projection (see Section 1.3), and other variable selection methods 

(see Section 1.4). 

 

1.1. Data pre-treatments 
 

There are many data pre-treatment methods in the literature, following 

different perspectives and goals [10-18]. The selection of the pre-treatment 

method depends on the characteristics of the data set and the purpose of the 

subsequent multivariate data analysis (MVA). In this Section we briefly review 

the fundamentals of the methods that have been used for the work of this 

thesis. 

 

1.1.1. Mean-centering of data 

   The mean-centering pre-treatment [19] has become very popular. In some 

occasions, when the data are not mean-centered, the inner structure of the 

data cannot be easily seen (i.e., the first principal component cannot describe 

the data well). The mean-centering (CTR) pre-treatment consists of 

subtracting the mean (average) from each variable (column of the data 

matrix). The calculation of the mean for a row i and a column k of a data matrix 

X is shown in Equation 1.1, where �̅�i represents the mean, K the total number 

of variables, and xik an element of the data matrix X. The subtraction of the 

averages from the data, shown in Equation 1.2, corresponds to a re-

positioning of the coordinate system, such that the average point now is the 

origin (i.e., a removal of the offset).   
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�̅�𝑘 = 
1

𝐼
 ∑𝑥𝑖𝑘

𝐼

𝑖=1

                                                   (1.1) 

 

�̃�𝑖𝑘 = 𝑥𝑖𝑘  −  �̅�𝑘                                                   (1.2) 

 

1.1.2. Scaling to unit variance 

   Unit variance (UV) scaling [15] consists of multiplying by the inverse of the 

standard deviation (s) each variable (i.e., each column of the data matrix) in 

order to achieve equal (unit) variance. Scaling to unit variance implies that all 

variables will have the same importance (“length”) after being scaled. It is 

worth mentioning that UV scaling should not be applied to data containing 

variables that are measured in the same units (e.g., spectroscopic data), since 

these variables are already in the same scale, thus scaling them to unit 

variance is not needed. It is a usual practice to UV scale after mean-centering. 

The estimation of the standard deviation is in Equation 1.3, and the UV scaling 

computation is shown in Equation 1.4. 

 

𝑠𝑘 = √
∑ (𝑥𝑖𝑘  −  �̅�𝑘)

2𝐼
𝑖=1

𝐼 − 1
                                 (1.3) 

 

�̃�𝑖𝑘 = 
𝑥𝑖𝑘  −  �̅�𝑘

𝑠𝑘
                                                  (1.4) 

 

1.1.3. Standard normal variate transformation 

   One of the most commonly used pre-treatments for spectroscopy data is the 

standard normal variate (SNV) transformation developed by Barnes et al. in 

United Kingdom (1989) [20]. Its calculations are row-wise instead of column-

wise, and they consist of subtracting the mean (average) and dividing by the 

standard deviation (s) in each row (i.e., each observation/sample) of the data 

matrix. The main purpose of SNV is the removal of the multiplicative 

interferences of scatter and particle size. The SNV transformation can be 

written as shown in Equations 1.5 and 1.6.  

 

𝑠𝑖 = √
∑ (𝑥𝑖𝑘  −  �̅�𝑖)

2𝐾
𝑘=1

𝐾 − 1
                                 (1.5) 
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�̃�𝑖𝑘 = 
𝑥𝑖𝑘  −  �̅�𝑖

𝑠𝑖
                                               (1.6) 

 

1.1.4. Multiplicative scatter correction 

   During the Nordic Symposium on Applied Statistics held in Stavanger 

(Norway) in 1983, H. Martens (Ås, Norway), S.Å. Jensen (Copenhagen, 

Denmark), and P. Geladi (Umeå, Sweden) proposed a new method for 

eliminating non-linear scatter-effects from diffuse spectroscopy data called 

multiplicative scatter correction (MSC) [21], also termed multiplicative 

signal correction (since it is also generally applicable to other types of data), 

which afterwards was further explained by Geladi et al. in 1985 [22].  

 

Multiplicative scatter correction (MSC) is useful for treating light scatter 

variations in spectroscopy data. The main goal of MSC is to correct all the 

samples (observations) so that all they have the same scatter level of light 

scatter. Equations 1.7 and 1.8 show the MSC calculations, where �̃�𝑖 stands for 

an element of the corrected spectrum (data matrix), xi is an element of the 

original data matrix, �̅�𝑖 is an element of the average spectrum, �̂�𝒊 is an element 

of the matrix that contains the estimate of the chemical information, 1 is a 

vector of ones, �̂�𝑖 is an estimate of the offset, and �̂�𝑖 is an estimate of the slope 

of the spectrum; the latter will be equal to the slope of the average spectrum 

after the correction, i.e. the scatter differences will have been removed (whilst 

the chemical information will still be there).   

 

𝐱𝒊 = 𝜏𝑖𝟏
𝐓 + 𝑏𝑖�̅�𝒊

𝐓 + 𝐞𝒊                                                 (1.7) 

 

�̃�𝑖 =
𝐱𝒊 − 𝜏�̂�𝟏

𝐓

𝑏�̂�
= �̅�𝑖 +

�̂�𝒊

𝑏�̂�
                                           (1.8) 

 

Multiplicative scatter correction has given rise to other related 

methodologies [23], such as its extended versions [24, 25]. In this thesis, a 

brief explanation of the extended multiplicative signal correction (EMSC) will 

be provided (Section 1.1.5), since this extended variant of MSC was used for 

data pre-treatment in Paper IV.  

 

1.1.5. Extended multiplicative signal correction 

 

   In 1989-1991, H. Martens (Ås, Norway) and E. Stark (New York, USA) 

developed and presented a new pre-treatment method called extended 

multiplicative signal correction (EMSC) [24], which is an extension of MSC 
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(introduced in Section 1.1.4). The main goal of EMSC is a more effective 

separation of chemical and physical effects in light spectroscopy. EMSC 

employs the knowledge about the analyte and interferent spectra for the 

estimation of both  (unknown additive effect, e.g. baseline offset) and b 

(unknown multiplicative effect, e.g. light scattering level or optical path 

length). After applying the extended multiplicative signal correction, all 

spectra are normalized to an average estimated offset (baseline) level and an 

average estimated light scattering (path length) level; thereby, the variability 

in the spectra is reduced. Equations 1.9 and 1.10 represent the EMSC 

calculation, where �̃�𝑖 stands for an element of the corrected spectrum (data 

matrix), 𝐱𝒊 is an element of the original data matrix, �̅�𝑖 is an element of the 

average spectrum, �̂�𝒊 is an element of the estimate of the chemical information 

contained in the data matrix, 1 is a vector of ones, i is the offset, bi is the slope 

of the spectrum, mi is an element of the matrix that contains the known 

interference spectra, and ci is obtained by multivariate curve resolution.  

 

𝐱𝒊 = 𝜏𝑖𝟏
𝐓 + 𝑏𝑖�̅�𝒊

𝐓 + 𝐜𝒊𝐦𝒊
𝐓 + 𝐞𝒊                                         (1.9) 

 

�̃�𝑖 =
𝐱𝒊 − �̂�𝑖𝟏

𝐓 − 𝐜𝒊𝐦𝒊
𝐓

�̂�𝑖
= �̅�𝑖 +

�̂�𝒊

�̂�𝑖
                                   (1.10) 

 

1.1.6. Savitzky-Golay differentiation 

   The methodology for smoothing and differentiation of data was presented 

by Savitzky and Golay in 1964 [26]. The computation consists of a convolution 

procedure based on a moving average and using a convolution function, where 

Yj
* is the best possible value based on least squares criterion, the subscript j 

represents the running index of the ordinate data in the data matrix, Ci is the 

convoluting integer (equal to one), N (normalizing factor) is the total number 

of convoluting integers (see Equation 1.11). The first value Yj
* is calculated for 

a group of variables (data points) according to the convolution function, 

afterwards a new group of variables is selected by dropping a point on the left 

and picking up one at the right, and another value of Yj
* is calculated. This 

moving average procedure is repeated until there are no more variables left. 

The obtained values are inserted in the equation based on least squares where 

the data points are fitted.  

 

𝑌𝑗
∗ =

∑ 𝐶𝑖𝑌𝑗+𝑖
𝑖=𝑚
𝑖=−𝑚

𝑁
               (1.11) 

 

Savitzky-Golay differentiation usually focus on the first derivatives, i.e. first 

and second derivatives. The 1st derivative allows the removal of the offset, 
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whilst the 2nd derivative removes both the offset and the baseline. Besides, 

smoothing is applied by fitting a polynomial function prior to derivative 

calculation.  

 

However, Savitzky-Golay differentiation have some drawbacks. Firstly, it 

can only be applied to data with sequential variables. Moreover, the use of 

derivatives may increase the noise levels, which can be partially solved by 

combining the derivatives with polynomial functions. Finally, it is also worth 

mentioning that high order polynomial function can generate artefacts. 

 

1.1.7. Missing data treatment 

   The presence of missing values in a data set makes data analysis difficult, 

thus various methods for dealing with missing data have been posed in the 

literature [27-29]. Missing data usually refers to the absence of values inside 

a data set resulting in a partial loss of information. The selection of the missing 

data treatment should be done according to a well-established criterion and 

considering the complete data analysis, otherwise the inferences about the 

data could be impaired by the methodology followed when trying to recover 

missing values. For instance, the common practice of mean substitution may 

accurately predict missing data but distort estimated variances and 

correlations. As pointed out by Schafer and Graham in 2002, ‘‘a missing-value 

treatment cannot be properly evaluated apart from the modeling, 

estimation, or testing procedure in which it is embedded’’ [30]. (A general 

view of the missing data treatment is given here, even if its application was not 

needed for the data used in this thesis, which was mostly synthetic and 

spectroscopic. In case of data containing missing data, it is advised to treat it 

before performing any modeling or variable selection). 

 

1.1.8. Block scaling 

   Block scaling is warranted for multiblock data sets that contain several data 

blocks (data matrices) with a highly different number of variables in each 

block, since otherwise the inferences from the data analysis would be biased 

by the dominance of the variation contained in the largest blocks. Block 

scaling can be performed following either hard or soft scaling approaches. In 

soft block scaling, the variables of each block are scaled such that the sum of 

the variable’s variances equals the square root of the number of variables for 

that specific block; whilst in hard block scaling, the variables of a block are 

scaled such that the sum of their variances is unity [31].  
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1.2. Modeling techniques 
 

Exploratory and predictive modeling methods for analyzing data have been 

rising in interest for centuries in both academia and industry. Statisticians and 

psychologists were early method developers even before the birth of the highly 

computerized instrumentation, giving us the pillars for chemometrics, 

psychometrics, econometrics, biometrics, and other –ometrics related 

sciences. Nowadays, data analysis has changed a lot from the first developed 

methods; the acquisition of big data and the rising of fields like systems 

biology and cybernetics, as well as the increasingly need of controlling 

sophisticated processes in industry, are the cause of the race to develop more 

powerful modeling techniques in order to analyze complex data [4, 32]. In this 

Section, the modeling methods used for the purpose of this thesis are 

introduced and briefly explained.  

 

1.2.1. Principal component analysis 

 

During the year of the transition from the Victorian to the Edwardian era 

(1901) in United Kingdom, Pearson published a principal-axis approach [2], 

which was further developed by Hotelling (USA, 1933) [33], becoming what is 

nowadays known as principal component analysis (PCA).  

 

Principal component analysis is a multivariate statistical method very 

commonly used in chemometrics to explore data and reduce dimensionality 

by using latent variables instead of input (manifest) variables [34-36], as can 

be seen in Figure 2 where N dimensions (defined in the space by the N 

variables) are reduced to two dimensions (defined by two latent variables, 

called principal components). These principal components are linear 

combinations of the original (manifest) variables. Besides, in mathematics, a 

plane can be described by a pair of vectors, in this case the two principal 

components PC1 and PC2 (see Figure 2), which are orthogonal to each other. 

In case of a mixture (brown point in Figure 2) of two samples, the object will 

be inside the corresponding hyper-plane. 

 



 

11 

 
 

Figure 2. Geometrical explanation for principal components in PCA (dimensionality reduction 

by latent variable modeling, and its associated parameters). 

 

The data is decomposed into structured variation (model) and residuals 

(noise), see Equation 1.12. T stands for the score matrix (which contains the 

score values, illustrated in Figure 2 as the coordinates of the points projected 

onto the hyper-plane), E represents the residual matrix (since the projection 

of objects onto the plane implies the existence of error), and P stands for the 

loading matrix (which contains the loading values, shown in Figure 2 as the 

direction of each dimension in the hyper-plane). PCA models fit the data as 

well as possible by using a least squares approximation, i.e. trying to obtain a 

minimum squared sum of error (for all objects), thus the variation 

(information) of the first loading will be maximum. 

 

𝐗 = 𝐓𝐏𝐓 + 𝐄 = 𝐭𝟏𝐩𝟏
𝐓 + 𝐭𝟐𝐩𝟐

𝐓 +⋯+ 𝐄                            (1.12) 

 

The 𝐭𝐢𝐩𝐢
𝐓 products (Equation 1.12) correspond to principal components. The 

first principal component accounts for the largest amount of variation 

contained in the data set, the second principal component for the largest 

amount of the remaining variation (i.e., variation unexplained by the first 

component), and so on until the total variation is grouped into a set of 

principal components.  

 

In addition, PCA models can provide a complete overview of the data 

uncovering the relationships between observations and variables, and among 

the variables themselves. This technique is also much appreciated for 

revealing outliers, trends and clusters [37, 38], and its latent variable (LV) 

concept is the basis for the subsequent described latent modeling techniques 

based on least squares.  
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1.2.2. Singular value decomposition  

   Singular value decomposition (SVD) was firstly introduced to data analysis 

by Golub and Kahan in 1965 [39], and furtherly explained by Golub and 

Reinsch in 1970 [40]. The singular value decomposition is a factorization of a 

data matrix (X) in three matrices (factors), as shown in Equation 1.13.  

 

𝐗 = 𝐔𝐒𝐕𝐓 + 𝐄                    (1.13) 

 

Matrices U and V are orthogonal matrices, S is a rectangular diagonal 

matrix with non-negative real numbers, the superscript T stands for the 

transpose of a matrix, E is the residual matrix, and X is the data matrix. The 

diagonal elements of S are called singular values of X, and they can be 

obtained by calculating the square roots of the eigenvalues of XTX or XXT. 

(Equation 1.13 can also be written for complex number values in X but this is 

not used in this thesis). 

1.2.3. Partial least squares projections to latent structures 

   Partial least squares projections to latent structures (PLS), proposed by 

Wold et al. in 1983 [5] and further explained by Geladi and Kowalski in 1986 

[6], is a regression technique for modeling the relationship between two data 

blocks (X and Y) maximizing the squared covariance X-Y. Its modeling is 

unidirectional, i.e. X  Y. PLS is commonly used for data interpretation, but 

also for prediction of Y from X [12, 41-46] (e.g. pattern recognition, 

multivariate calibration, classification, and discriminant analysis). The PLS 

model can be described as shown in Equations 1.14 and 1.15, where X and Y 

are the data matrices, T is a score matrix, P and C are the loading matrices, E 

and F are the residual matrices, and the superscript T stands for transposed. 

 

𝐗 = 𝐓𝐏𝐓 + 𝐄                           (1.14) 

 

𝐘 = 𝐓𝐂𝐓 + 𝐅                           (1.15) 

 

1.2.4. Orthogonal projections to latent structures 

   In 2002, Orthogonal projections to latent structures (OPLS) was presented 

by Trygg and Wold [7] in Umeå (Sweden). OPLS® is widely applied in 

multivariate data analysis because of its enhanced model interpretability [47, 

48]. OPLS separates the systematic variation contained in an X data matrix 

into two parts, a predictive part that is correlated to Y and an orthogonal part 

that is uncorrelated to Y. The X-matrix is decomposed according to Equation 
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1.16, whilst the Y-block decomposition follows Equation 1.17. The subscripts 

p and o stand for predictive and orthogonal, the superscript T stands for 

transposed, T and U are the score matrices, P and Q are the loading matrices, 

and E and F are the residual matrices.  

𝐗 = 𝐓𝐩𝐏𝐩
𝐓 + 𝐓𝐨𝐏𝐨

𝐓 + 𝐄                       (1.16) 

𝐘 = 𝐔𝐩𝐐𝐩
𝐓 + 𝐅                                      (1.17)  

   One of the cornerstones of OPLS is the generation of the orthogonal 

components (topo
T). Figure 3 is a description of how the orthogonal 

components (uncorrelated latent variables) are generated in OPLS for a 

single-Y case (denoted as y since it is a vector). The algorithm to generate the 

orthogonal components is written inside Figure 3 as six steps whose numbers 

refer to the arrows of the figure. The first four steps of the algorithm are 

related to the predictive part of the model (marked in green color in Figure 3), 

and the last steps to the orthogonal part (in orange color). The first step of the 

algorithm corresponds to the obtainment of the normalized loadings weights 

for the predictive component (wp) which will form the Wp
T matrix, the second 

step calculates the scores (tp) of X which will for the Tp matrix, the third step 

gives the loading vector (cp) of y, and the fourth step is the projection of the 

scores (tp) onto X to obtain the loadings (pp) of X which will form the Pp 

matrix. The orthogonal loading weights (wo) are calculated using pp and wp. 

Step 5 and onwards correspond to the obtainment of the scores and loadings 

for the orthogonal components, i.e. to and po, which will form the respective 

matrices To and Po
T. Finally, the orthogonal variation is filtered out of the 

original X-block. 

 

The OPLS formalism explained here opens new possibilities for 

interpretability and predictability in latent models compared to its 

predecessor PLS. For simple-Y problems, it has been shown that predictions 

by PLS and orthogonal methods perform equally well provided that identical 

model complexity and cross-validations are compared [49, 50]. Nonetheless, 

model interpretation may differ between PLS and OPLS as the predictive and 

orthogonal variations are highlighted by the OPLS formalism. This in turn 

may improve decision-making, that is, OPLS can perform better than PLS [51, 

52]. For instance, model interpretation and subjective decisions are important 

for creating a valid prediction model, which includes selection of samples, 

variables, pre-treatment techniques, and quality control as demonstrated by 

Shi et al. in 2010 [53]. 
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Figure 3. Algorithm for the generation of the orthogonal components in orthogonal projections 

to latent structures (OPLS) for a single-Y case. The predictive part of the model is represented 

in green color and the subscript p, and the orthogonal part in orange color and the subscript o. 

(Modified Figure 1 of Paper II) 

 

1.2.5. Discriminant analysis 

 

Samples can form groups (i.e., classes or categories) according to their 

properties or characteristics. Classification methods can be divided in two 

groups, (i) class modeling and (ii) discriminant analysis. The first tries to 

model each category, whereas discriminant analysis (DA) focus on the 

boundaries that separate the different classes in the multidimensional space 

[54]. The patterns are extracted from the X-matrix, and the information about 

the pre-defined classes is included in a binary dummy Y-matrix (where the 

value one is used for indicating membership to a class, and the value zero is 

used for non-membership).  

 

The use of partial least squares and orthogonal projections to latent 

structures for discriminant analysis, i.e. PLS-DA and OPLS-DA®, has become 

popular [43, 54-56], as well as its combination with methodologies for 

variable sorting [57-59]. Paper I provides an example of OPLS-DA modeling 

combined with variable importance sorting by means of the VIPOPLS approach. 
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1.2.6. Multivariate time series analysis in statistical process 

control 

   The analysis of process data obtained from both continuous and batch 

processes by using projection methods is extensively applied for both research 

and industrial purposes [60-70], and it is known as multivariate statistical 

process control (MSPC). MSPC monitors the performance of a process over 

time in order to elucidate if the process behaves as it is expected to do, or tends 

to deviate from normal operating conditions [71-74]; therefore, MSPC is used 

to know if a process is in a state of statistical control. A state of statistical 

control exists when key process variables or product attributes remain close 

to their target values, and do not change perceptibly with time.  

 
   MSPC is largely focused on investigating correlations among variables; if the 

correlation structure among variables changes with time, this means that the 

process is changing its behavior (time trends, jumps, clustering, outliers, etc.). 

Moreover, when readings of a lot of process variables are available as a 

chronological sequence, i.e., a time series of observations, also correlations 

among adjacent time points are of interest to model and interpret. These time 

series data can be analyzed by using multivariate time series analysis 

(MTSA), which is included inside MSPC. MTSA is useful for modeling the 

process under dynamic conditions and predicting future values of the studied 

time series, based on its current and past readings. Hence, MTSA investigates 

and models both variables and observations, as well as their correlations [75].  

 

Multivariate time series analysis (MTSA) is accomplished by lagging of the 

variables, which consists of generating new variables from the old ones by 

forward shifting data. Thus, when lagging the variables (of X and/or Y) a new 

X-matrix is generated consisting of [Yt − 1, …, Yt − L, Xt, Xt − 1, …, Xt − L] where L 

stands for the number of lags, which provides information about how the 

current process situation at time t is affected by the process variables at L time 

units earlier. The selection of an appropriate lag order or lag length before the 

estimation of the multivariate model is not always straightforward, in which 

case, variable influence on projection (VIP) approaches can help to achieve a 

suitable lag order or lag length, as shown in Paper II. It is worth mentioning 

that depending on how the lagging is carried out, the foundation of different 

types of time series models may be formulated; however, it is outside the scope 

of this thesis to delve deeply into the various types of time series models, but 

reference is given to the literature [31]. 
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1.2.7. Hierarchical modeling 

   Hierarchical modeling [76, 77] consists of the partition of the data into 

conceptually meaningful blocks containing variables that are related among 

themselves, and afterwards a hierarchical data analysis is performed. The 

procedure firstly consists of modeling each block (X and/or Y) by a projection 

method (e.g. PCA, PLS, OPLS, or O2PLS), the generated score vectors (tb) are 

afterwards used as super variables to form new data matrices (XT and/or YT) 

that will be modeled by PCA, PLS, or any other method, generating new 

outputs (e.g. super scores tT), this last model is known as hierarchical model 

(H-model).  

 

1.2.8. Multiblock analysis 

 

In order to extract the maximum profitable information from two or more 

data sets interrelated among themselves, a multiblock view has risen in 

interest in psychology [3, 78, 79], chemistry [77, 80-82], biology [83], and 

sensory science [84, 85]. 

 

Along the 20th century, multiblock methods based on principal component 

analysis [38] and partial least squares [5, 6] allowed to analyze a limited 

number (usually two or three) of data blocks, but without taking full advantage 

of how the blocks were connected. Two commonly used multiblock PCA 

approaches were consensus principal component analysis (CPCA) [86, 87] 

and hierarchical principal component analysis (HPCA) [76], whose 

algorithms are very similar, differing only in the normalization steps (in CPCA 

the normalization is performed onto the super weight wT and the loadings p, 

whilst in HPCA the normalized parameters are the scores t and the super 

scores tT) [77]. The multiblock PLS approaches also generated interest during 

the nineties [88], such as hierarchical partial least squares (HPLS) [86] and 

multiblock partial least squares (MBPLS) [89], which are similar but contain 

two main differences, i.e. (i) the normalization is done on different model 

parameters (in HPLS only the super score tT is normalized, whilst in MBPLS 

the weights of the block variables wb and the super weight wT are normalized 

to length one), and (ii) the regression of the Y block is done on different 

matrices (in HPLS Y is regressed on the super block T, whereas in MBPLS Y 

is regressed on all X data matrices) [77]. Some interesting applications of 

MBPLS were reported by Wise and Gallagher in 1996 [64], among other 

authors. For example, in an attempt to achieve a better understanding of the 

underlying patterns in latent models, Kourti et al. [80] used multiblock 

multiway PLS for analyzing batch polymerization processes in 1995.  
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During the 21st century, the improvement of the technology linked to 

computer sciences to analyze big data sets pushed the development and 

application of multiblock multivariate data analysis [8, 9, 19, 60, 90-98]. 

Some multiblock methods became very popular; e.g., the 2-block orthogonal 

projections to latent structures (O2PLS) method presented by Trygg in 2002 

[8], and the N-block orthogonal projections to latent structures (OnPLS) 

method presented by Löfstedt and Trygg in 2011 [9] (both O2PLS and OnPLS 

are explained in Sections 1.2.8.1 and 1.2.8.2). 

 

1.2.8.1. Two-block orthogonal projections to latent structures 

   The 2-block orthogonal projections to latent structures (O2PLS) algorithm 

was developed by J. Trygg in 2002 (Umeå, Sweden) [8]. O2PLS® models both 

X- and Y- data matrices similarly (whereas OPLS only models the X-matrix), 

which means that prediction is possible in two ways (i.e., XY and YX). 

O2PLS decomposes the total variation of the model in (a) the variation related 

to both X and Y (in blue color and called X-Y joint variation in Figure 4), (b) 

the variation of X that is orthogonal (uncorrelated) to Y (in red and referred 

as Y-orthogonal variation in X in Figure 4), and (c) the variation of Y that is 

orthogonal (uncorrelated) to X (in red and denoted as X-orthogonal 

variation in Y in Figure 4). The residual matrices of X and Y are indicated as 

E and F (in green) in Figure 4.  

 

 
 

Figure 4. Matrices, vectors, and types of variation involved in O2PLS (general case). The X-Y 

joint variation is related to the predictive matrices (Xp, Yp) of the model (in blue), the X- and Y- 

orthogonal variations are related to the corresponding orthogonal matrices (Yo, Xo) of the 
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model (in red), and the residuals are contained in the E and F matrices (in green). The loadings 

and scores are represented next to the corresponding matrices, the subscripts p and o stand for 

predictive and orthogonal respectively, and the superscript T stands for transposed. (Paper 

III) 

 

   The complete O2PLS algorithm is explained by the steps 1-8 and the 

Equations A1-A14 of the Appendix A of Paper III. The general description of 

an O2PLS model is here given by Equations 1.18 and 1.19 (and complemented 

by Figure 4); where X and Y are the data matrices, Tp is the predictive score 

matrix for X, Pp is the normalized predictive loading matrix for X, To is the 

orthogonal score matrix for X, Po is the normalized orthogonal loading matrix 

for X, E is the residual matrix for X, Up is the predictive score matrix for Y, 

Qp is the normalized predictive loading matrix for Y, Uo is the orthogonal 

score matrix for Y, Qo is the normalized orthogonal loading for Y, and F is the 

residual matrix for Y.  

 
𝐗 = 𝐓p𝐏p

T + 𝐓o𝐏o
T + 𝐄                                (1.18) 

𝐘 = 𝐔p𝐐p
T + 𝐔o𝐐o

T + 𝐅                                (1.19) 

   As shown in Equation 1.20, the total sum of squares for X (which represents 

all the variance contained inside X) is separated in (a) the sum of squares 

accumulated by the predictive components (SSXP), (b) the sum of squares 

accumulated by the orthogonal components (SSXO), and (c) the sum of 

squares of the residual matrix (SSXE). Equation 1.21 represents the analogous 

case for the Y-block.  

 
𝑆𝑆𝑋𝑡𝑜𝑡𝑎𝑙  = 𝑆𝑆𝑋𝑃  +  𝑆𝑆𝑋𝑂  +  𝑆𝑆𝑋𝐸             (1.20) 

𝑆𝑆𝑌𝑡𝑜𝑡𝑎𝑙  = 𝑆𝑆𝑌𝑃  +  𝑆𝑆𝑌𝑂  +  𝑆𝑆𝑌𝐹                 (1.21) 

   This anatomical dissection of the variance in an O2PLS model (where the 

variance is separated in a correlated part, an uncorrelated part, and a residual 

part) can be extrapolated to the VIP concept to reach a sharper model 

interpretation by means of the variable importance sorting using the VIPO2PLS 

algorithm, as shown in Chapter 3 (Paper III). 

 

1.2.8.2. N-block orthogonal projections to latent structures 

 

T. Löfstedt and J. Trygg presented the N-block orthogonal projections to 

latent structures (OnPLS) in 2011 (Umeå, Sweden) [9], and it was further 

developed and explained by Löfstedt et al. in 2012-2013 [95, 96, 99]. The 
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strength of OnPLS for describing and interpreting multiblock data lies in its 

ability to uncover the connectivity and relationships between three or more 

data matrices, as well as the valuable information contained in the unique 

(orthogonal) variation of each X-matrix. OnPLS is a descriptive modeling 

technique focused on interpretation rather than prediction; therefore, all X-

blocks are modelled in similar way (symmetrically), which means that all data 

matrices can be denoted as D, instead of X and Y. The decomposition of the 

D-matrix is done by separating the total variation of D in (i) global variation, 

(ii) local variation, and (iii) unique variation; as described in Equation 1.22. 

 

𝐃 = 𝐓g𝐏g
T + 𝐓l𝐏l

T + 𝐓u𝐏u
T + 𝐑           (1.22) 

 

In Equation 1.22, D represents the data block, R corresponds to the residual 

matrix, T stands for score matrix, and P for normalized loading matrix. The 

subscript g indicates relation to the global variation, i.e. the variation that is 

shared by all the D-matrices. The subscript l relates to the local variation, i.e. 

the variation that is shared by some of (but not all) the D-blocks. The subscript 

u corresponds to the unique variation, i.e. the variation that belongs solely to 

one D-block and is uncorrelated (orthogonal) to the rest of data blocks. 

Finally, the sum of the three types of variation (i.e. global, local, and unique) 

is called total variation. A simplified view of the three types of variation in a 

3-block OnPLS model is shown in Figure 5. 

 

 
 

Figure 5. Types of variation in an OnPLS model with three D-matrices. Unique variation is 

specific of each D-block, locally joint variation is shared by two D-blocks, and globally joint 

variation is shared by the three D-blocks. 
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   The interpretability of an OnPLS model can be improved by inserting its 

scores and normalized loadings inside the formulation of MB-VIOP, as shown 

in Chapter 4 (Paper IV). 

 

1.2.9. Multivariate curve resolution by alternating least squares 

   The curve resolution concept has its origins at the Eastman Kodak 

Company (New York, USA), presented by Lawton and Sylvestre in 1971 [100], 

and by Sylvestre et al. in 1974 [101] using a postulated chemical reaction. A 

variant of this method is multivariate curve resolution by alternating least 

squares (MCR-ALS) [102], which is a decomposition method commonly used 

in chemistry [103-108] (e.g., in hyperspectral image resolution [48]).    

 

MCR-ALS is based on a bilinear model, see Equation 1.23, where X is the 

data matrix, C contains the pure concentration profiles, ST the pure spectra 

profiles, and E the experimental error of the raw measurement. The 

estimation of C and ST is as described in Equations 1.24 and 1.25. It is worth 

mentioning that an initial estimation for either C or ST is required to initiate 

the algorithm.  

 

𝐗 = 𝐂𝐒𝐓 + 𝐄                              (1.23) 

 

𝐂 = 𝐗𝐒(𝐒𝐓𝐒)−𝟏                         (1.24) 

 

𝐒𝐓 = (𝐂𝐓𝐂)−1𝐂𝐓𝐗                    (1.25) 

 

   During the ALS optimization, constraints (e.g., non-negativity) are used for 

reducing the ambiguity of the model (i.e., a reduction of the number of 

possible solutions for the matrix decomposition), and also for increasing the 

probability of obtaining the right spectral and concentration profiles.  

 

This method is not directly used in this thesis, however, it was used in the 

additional work of Paper V (not enclosed in this thesis). Thus, in order to 

help to a better understanding of the work mentioned in Section 2.1, a brief 

introduction has been included here.  

 

1.3. Variable influence on projection 
 

Until 2014, variable influence on projection (VIP) was a variable sorting 

method used for summarizing the importance of the X-variables in PLS 
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models with many components [41, 109] by considering the sum of squares of 

the Y-matrix but not the sum of squares of the X-matrix or any additional 

refinement (see Section 1.3.1). From 2014 and onwards, Galindo-Prieto et al. 

have developed three new formulations for VIP aiming to interpretability 

enhancement of PLS, OPLS, O2PLS, and OnPLS models, considering 

additional model parameters, such as the sum of squares of the all data 

matrices and normalized loadings (Papers I-IV).  
 

1.3.1. Variable influence on projection for PLS models (PLS-VIP) 

   In 1993, Wold et al. [41] introduced the VIP parameter (Equation 1.26) for 

calculating the cumulative measure of the influence of individual X-variables 

on a PLS model. In this thesis, this early VIP approach is denoted as PLS-VIP 

or VIPPLS. For a given PLS dimension, a in Equation 1.26, the squared PLS 

weight (wa)2 of that term is multiplied by the explained sum of squares of that 

PLS dimension (SSYcomp,a); and the value obtained is then divided by the total 

explained sum of squares (SSYcum) and multiplied by the number of terms in 

the model. The final VIP is the square root of that number. Equation 1.26 

offers a detailed view of the VIP calculation. 

𝑉𝐼𝑃𝑃𝐿𝑆 = √𝐾 × (
[∑ (𝐰a

2 × 𝑆𝑆𝑌𝑐𝑜𝑚𝑝,𝑎) 
𝐴
𝑎=1 ]

𝑆𝑆𝑌𝑐𝑢𝑚
)                          (1.26) 

   In Equation 1.26, PLS-VIP is a weighted combination over all components 

of the squared PLS weights, where SSYcomp,a is the sum of squares of Y 

explained by component a, A is the total number of components, and K is the 

total number of variables. The average VIP is equal to 1 because the sum of 

squares of all VIP values is equal to the number of variables in X. This means 

that if all X-variables equally contribute to explain the model, then their VIP 

value will be 1. Variables with VIP values higher than 1 are important, whereas 

variables with VIP values below 0.5 could be considered irrelevant. 

 

1.3.2. Limitations and challenges of the PLS-VIP approach 

   The formulation for VIPPLS proposed in 1993 cannot be directly applied to 

OPLS models. In Equation 1.26, the weighting of the squared w-values is 

based on the explained sum of squares of Y (SSY). This weighting is sensible 

for the predictive components in OPLS, which will have an explained SSY 

different from zero, but not applicable to any orthogonal component because 

the latter by definition does not explain any systematic structure of Y 
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(therefore, SSY will be zero). Thus, when SSY is used only an ordering of 

variables equivalent to the predictive component loading is achieved. If one 

wants to explore the variable influences of the full OPLS model, the 

contribution from the orthogonal components needs to be included in the VIP 

formulation. The abovementioned considerations are an important and 

powerful reasoning for motivating this thesis. 

 

1.3.3. VIP is a model-based variable selection method 

   From the argumentation in Section 1.3.2, there is a noticeable need for 

developing a new formulation of variable influence on projection (VIP) for 

orthogonal projection-based latent models (i.e., OPLS and its extensions). 

Moreover, VIP is a model-based variable selection method, since it uses as 

inputs the outputs generated by the multivariate latent model, such as the 

loadings and the sum of square values. Thus, the appropriate VIP approach 

(i.e., PLS-VIP, VIPOPLS, VIPO2PLS, or MB-VIOP) should be used according to 

the model type (i.e. PLS, OPLS, O2PLS, or OnPLS). As it will be shown in the 

summary of Papers I-IV, and also emphasized in the conclusions of this 

thesis. 

 

1.4. Other variable selection methods 
 

The need of reducing the number of variables in latent models (especially 

those variables containing either noise or other information that is irrelevant 

or redundant [110, 111]), as well as the intention to improve the 

interpretability and predictability of the models (which could be beneficial for 

a suitable multivariate calibration [112]), have led to the rise of diverse and 

numerous variable selection methods in the literature [110, 113]. These 

methods can be based on different parameters (e.g., loading weights or 

regression coefficients [113, 114]) as well as they can involve different criteria 

for the evaluation of their results. In Section 1.4.1, some variable selection 

methods are briefly mentioned in order to give an overview of the existent 

methodologies, specific literature will be provided for further details.  

 

1.4.1. An ocean of variable selection methods 

   Just as when someone looks at the ocean and cannot see the end, the amount 

of variable selection methods in the literature is overwhelming [51, 110, 111, 

113, 115-129]. Iterative variable selection for partial least squares (IVS-PLS), 

described by Lindgren et al. in 1994 [117], is based on PLS weight vectors and 
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cross-validation. Uninformative variable elimination by partial least 

squares (UVE-PLS), originally developed by Centner et al. in 1996 [120], uses 

a criterion based on the b-coefficients. Interval partial least squares (i-PLS), 

introduced by Nørgaard et al. in 2000 [121], uses as main parameter the root 

mean squares error of cross-validation (RMSECV) but also other parameters 

such as the squared correlation coefficient (r2); whereas genetic algorithms 

(GA), introduced for variable selection by Leardi et al. in 1992 [122], uses as 

evaluation criterion the root mean square error of prediction (RMSEP) [123]. 

Aiming to improve the interpretability of latent models by taking advantage 

of the orthogonal variation, two new approaches were developed in 2014; one 

for selectivity ratio by Kvalheim et al. [116], and another one for variable 

influence on projection by Galindo-Prieto et al. (Papers I-II). In addition, 

interesting new multiblock variable selection methods have recently 

appeared; the approaches presented by Biancolillo et al. [126] and Galindo-

Prieto et al. (i.e., VIPO2PLS  in Paper III and MB-VIOP in Paper IV), are able 

to deal with both orthogonalization and multiple data sets.   

 

1.4.2. How to choose a variable selection method 

   Many variable selection methods and comparisons of them have been 

reported by other authors [51, 110, 111, 116, 124, 125, 127, 129-131], and no 

method should be considered ‘better’ than other in an absolute way. The 

suitability of a variable selection method depends on the characteristics of the 

data, the complexity of the model, and the goal of the data analysis, inter alia. 

For instance, if the data consist of continuous variables (e.g. NIR data), 

methods that consider ranges of variables (instead of discrete variables) will 

be preferred, such as interval partial least squares (i-PLS) [121]. In Paper III, 

a comparison between the performance of VIPO2PLS and i-PLS is carried out. 

 

For PLS, OPLS, O2PLS, and OnPLS models, an enhanced model 

interpretation is achieved by assessing the manifest variables by means of the 

corresponding VIP approaches. Besides, the parsimony and the intuitive 

interpretation of VIP promote the popularity of the VIP methods for selecting 

the important variables for improved interpretability, better understanding of 

process dynamics in MTSA, and also as precursor of variable selection [45, 46, 

55, 57-59, 132-139]. 

 

1.4.3. Interval partial least squares 

   In an attempt to compare the efficiency and reliability of VIPO2PLS (Paper 

III), a comparison with i-PLS (interval partial least squares) [121] was done. 
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Thus, a brief introduction for this concrete variable selection method is 

written here.  

 
   Interval partial least squares (i-PLS) was presented by Nørgaard et al. in 

2000 (Denmark) [121]. As suggested by its name, interval partial least squares 

(i-PLS) is optimized for PLS models. Interval PLS builds local PLS models on 

spectral intervals of equal width (the number of intervals and its size, i.e. the 

amount of variables per interval, is set according to the data set characteristics 

and followed by optimization). These local PLS models can have different 

number of components, a number that depends on the amount of relevant 

variation in the correspondent interval of X-variables but also on the 

maximum number initially set (which in our case was chosen to be equal to 

the number of components of the original model). 

 
   Interval PLS can be carried out in “forward” mode or in “reverse” mode. In 

forward i-PLS the intervals are successively included, whereas in reverse i-PLS 

they are successively removed. The selected intervals are those with lowest 

root mean squared error of cross-validation (RMSECV); therefore, the main 

criterion used is the values of RMSECV. 
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  “When the idea comes and the research journey starts, 

         don’t stop until you reach the first milestone” 

  (Beatriz Galindo-Prieto) 

CHAPTER 2                                                                 .                                                                 
 

Papers I and II: VIPOPLS for OPLS models 
in MVA and MTSA 

 

 

   A new approach for variable influence on projection, called VIPOPLS or OPLS-

VIP, is described, which takes full advantage of the orthogonal projections to 

latent structures (OPLS®) model formalism for enhanced model 

interpretability in MVA (Paper I) and improved diagnosis of process 

dynamics in MTSA (Paper II). The novelty of the VIPOPLS algorithm is the 

incorporation of not only the predictive components, but also the orthogonal 

components. Four variants of VIPOPLS were developed, tested, compared, and 

evaluated using three different data sets, one synthetic with known properties 

and two real-world cases. Further details of the data sets (including original 

references) can be found in Papers I-II (enclosed to this thesis). For Papers 

I and II, the VIPOPLS algorithm (code) was written in MATLAB version R2013a 

(The MathWorks Inc., Natick, MA, USA), and the OPLS models were built 

using SIMCA® software versions 13.0 and 13.0.3 (MKS Data Analytics 

Solutions, formerly MKS Umetrics, Umeå, Sweden).  

 

2.1. Changing one parameter can sometimes make the 
difference 

   At the beginning of 2013, a challenging data analysis for visualizing various 

chemical compounds and its distribution in ribbons of a pharmaceutical 

product was proposed to the author of this thesis, leading to a paper where 

three methodologies were used for the obtainment of NIR hyperspectral 

images [48]. The three methodologies were MCR-ALS [100-102], T-OPLS 

[140], and OPLS(W) [48]. The main difference between OPLS(W) and T-

OPLS lies in how the pure spectra are used; in OPLS(W) the pure spectra are 

used as weights (W) in the OPLS algorithm, whilst in T-OPLS (transposed 

orthogonal partial least squares), the pure spectra are used as the response 

block for the OPLS model. The results and inferences from the hyperspectral 

images generated from T-OPLS and OPLS(W), summarized in Dumarei et al. 

[48], demonstrated that changing one or more parameters, or how they are 
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used, can generate differences in the results of the data analysis. More 

specifically, it was shown that OPLS(W), where the pure spectra were used as 

weights, was more successful in distinguishing the pharmaceutical 

compounds with a similar spectral signal than T-OPLS. The latter discovery 

triggered ideas in my mind during weeks, exploring the possibility of changing 

parameters in some chemometrics methods. Finally, I realized that VIP was 

not properly working for OPLS models, and the final outcome was the 

development of four new variants of variable influence on projection (VIP) for 

OPLS, which are kindly further explained in the next Sections. And my 

research journey started here.  

 

2.2. The four VIPOPLS variants 

   As explained in Sections 1.3.2 and 1.3.3, in order to adapt the variable 

influence on projection (VIP) concept to orthogonal projections to latent 

structures (OPLS), a change in the until then existent theory and its 

formulation (Equation 1.26) was needed. The PLS-VIP approach proposed in 

1993 [41] only uses the sum of squares of the Y-matrix as weighting parameter 

for the latent variables. In order to adapt the formulation to the OPLS 

structure, a combination of SSY (amount of variation in Y explained by the 

model) and SSX (amount of variation in X explained by the model) needs to 

be included in the VIPOPLS theory. The combination of SSX and SSY is 

henceforth denoted as [SSX, SSY] or [SSY, SSX], without any distinctive 

meaning between the latter. Besides, loading weights (w) are used for PLS-

VIP, but for OPLS models the use of normalized loadings (p) is introduced; it 

is worth noting that for the OPLS predictive components (ap) w and p loadings 

will be very similar [141], but not for the OPLS orthogonal components (ao). 

From the combination of the different model parameters (i.e. w, p, SSX, and 

SSY), four variants were developed and evaluated in Paper I. Table 1 

summarizes the four VIPOPLS variants, including their abbreviated names for 

shorter mention inside equations and figures. 
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VIPOPLS variant Abbr. 

name 

Loadings Weighting 

parameter 

for ap 

Weighting 

parameter 

for ao 

VIPOPLS (W, single SS) 

VIPOPLS (P, single SS) 

VIPOPLS (W, [SSX,SSY]) 

VIPOPLS (P, [SSX,SSY]) 

VIP1 

VIP2 

VIP3 

VIP4 

W 

P 

W 

P 

SSY 

SSY 

[SSX,SSY] 

[SSX,SSY] 

SSX 

SSX 

[SSX,SSY] 

[SSX,SSY] 

 

Table 1. The fourth variants of VIPOPLS (variable influence on projection for OPLS). W and P 

stand for the weights and normalized loadings, SSX and SSY are the sum of squares of X and Y 

respectively, and ap and ao represent the predictive and orthogonal components severally. Abbr. 

name stands for abbreviated name. 

   The equations of the subsequent Sections 2.1.2.1-2.1.2.4 correspond to the 

four variants shown in Table 1, and they follow this nomenclature: VIPi,o 

stands for the vector of values of the VIP variant i for the orthogonal 

components, VIPi,p corresponds to the vector of the VIP variant i for the 

predictive components, and VIPi,tot represents the total sum for both 

predictive and orthogonal compartments of the OPLS model for the VIP 

variant i. Each equation iterates until all VIP values are obtained, and these 

values form a VIP vector, which can afterwards be plotted. Predictive 

components are represented by ap, and orthogonal components by ao. 

Analogously, Ap and Ao are the total number of predictive and orthogonal 

components respectively. K is the total number of variables. The sum of 

squares (SS) has the subscript comp,ap for the explained SS of ap
th component, 

the subscript comp,ao for the explained SS of ao
th component, and the 

subscript cum for the cumulative (i.e., total) explained SS by all model 

components.  

 

2.2.1. First variant: VIPOPLS (W, single SS) 

   The first variant is the VIPOPLS (W, single SS), also named VIP1 for shorter 

mention (like in Paper I). Its calculation is based on loading weights (w) 

using SSY for the predictive component and SSX for the orthogonal 

component. VIP1,o corresponds to the VIP values (forming one vector) for the 

orthogonal components using SSX (see Equation 2.1), VIP1,p corresponds to 

the VIP values for the predictive components using SSY (see Equation 2.2), 

and VIP1,t vector refers to the value of VIP for the total model, i.e. both 

predictive and orthogonal parts of the model (see Equation 2.3). 
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VIP1,o =  √𝐾 × (
[∑ (𝐰𝑜,𝑎𝑜

2 × 𝑆𝑆𝑋𝑐𝑜𝑚𝑝,𝑎𝑜)
𝐴𝑜
𝑎𝑜=1

]

𝑆𝑆𝑋𝑐𝑢𝑚,𝑜
)                            (2.1) 

 

VIP1,p = √𝐾 × (
[∑ (𝐰p,𝑎𝑝

2 × 𝑆𝑆𝑌𝑐𝑜𝑚𝑝,𝑎𝑝)
𝐴𝑝
𝑎𝑝=1

]

𝑆𝑆𝑌𝑐𝑢𝑚,𝑝
)                             (2.2) 

 

VIP1,t =  √
1

2
× (VIP1,𝑜

2 + VIP1,𝑝
2 )                                                              (2.3) 

 

2.2.2. Second variant: VIPOPLS (P, single SS) 

   The second variant is the VIPOPLS (P, single SS), also denoted as VIP2. The 

formulation is analogous to VIPOPLS (W, single SS), but now using normalized 

loadings (p) instead of weights (w). The calculations for the values of VIP for 

the orthogonal and predictive parts of an OPLS model are shown in Equations 

2.4 and 2.5. For the total OPLS model, VIP is computed as described in 

Equation 2.6. 

 

VIP2,o =  √𝐾 × (
[∑ (𝐩𝑜,𝑎𝑜

2 × 𝑆𝑆𝑋𝑐𝑜𝑚𝑝,𝑎𝑜)
𝐴𝑜
𝑎𝑜=1

]

𝑆𝑆𝑋𝑐𝑢𝑚,𝑜
)                            (2.4) 

 

VIP2,p = √𝐾 × (
[∑ (𝐩p,𝑎𝑝

2 × 𝑆𝑆𝑌𝑐𝑜𝑚𝑝,𝑎𝑝)
𝐴𝑝
𝑎𝑝=1

]

𝑆𝑆𝑌𝑐𝑢𝑚,𝑝
)                             (2.5) 

 

VIP2,t =  √
1

2
× (VIP2,𝑜

2 + VIP2,𝑝
2 )                                                             (2.6) 

 

2.2.3. Third variant: VIPOPLS (W, [SSX, SSY]) 

   The [SSX, SSY] combination is introduced in the third and fourth VIP 

variants. The third VIP variant is the VIPOPLS (W, [SSX, SSY]), also called VIP3, 

and it is calculated by means of using loading weights (w) multiplied by the 

individual ratios of SSXcomp/SSXcum and SSYcomp/SSYcum, see Equations 2.7-
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2.9. The number of variables for the orthogonal and predictive cases (i.e., Ko 

and Kp) are computed as shown in Equations 2.10 and 2.11. 

 

VIP3,o = √𝐾𝑜 × (
[∑ (𝐰𝑜,𝑎𝑜

2 × 𝑆𝑆𝑋𝑐𝑜𝑚𝑝,𝑎𝑜)
𝐴𝑜
𝑎𝑜=1

]

𝑆𝑆𝑋𝑐𝑢𝑚
+
[∑ (𝐰𝑜,𝑎𝑜

2 × 𝑆𝑆𝑌𝑐𝑜𝑚𝑝,𝑎𝑜)
𝐴𝑜
𝑎𝑜=1

]

𝑆𝑆𝑌𝑐𝑢𝑚
)       (2.7) 

 

VIP3,p = √𝐾𝑝 × (
[∑ (𝐰p,𝑎𝑝

2 × 𝑆𝑆𝑋𝑐𝑜𝑚𝑝,𝑎𝑝)
𝐴𝑝
𝑎𝑝=1

]

𝑆𝑆𝑋𝑐𝑢𝑚
+
[∑ (𝐰p,𝑎𝑝

2 × 𝑆𝑆𝑌𝑐𝑜𝑚𝑝,𝑎𝑝)
𝐴𝑝
𝑎𝑝=1

]

𝑆𝑆𝑌𝑐𝑢𝑚
)    (2.8) 

 

VIP3,t =

√
  
  
  
  
  
 

𝐾

2
×

(

  
 

[∑ (𝐰𝑜,𝑎𝑜
2 × 𝑆𝑆𝑋𝑐𝑜𝑚𝑝,𝑎𝑜)

𝐴𝑜
𝑎𝑜=1

]

𝑆𝑆𝑋𝑐𝑢𝑚
+
[∑ (𝐰𝑝,𝑎𝑝

2 × 𝑆𝑆𝑋𝑐𝑜𝑚𝑝,𝑎𝑝)
𝐴𝑝
𝑎𝑝=1

]

𝑆𝑆𝑋𝑐𝑢𝑚
+

 
[∑ (𝐰𝑜,𝑎𝑜

2 × 𝑆𝑆𝑌𝑐𝑜𝑚𝑝,𝑎𝑜)
𝐴𝑜
𝑎𝑜=1

]

𝑆𝑆𝑌𝑐𝑢𝑚
+
[∑ (𝐰𝑝,𝑎𝑝

2 × 𝑆𝑆𝑌𝑐𝑜𝑚𝑝,𝑎𝑝)
𝐴𝑝
𝑎𝑝=1

]

𝑆𝑆𝑌𝑐𝑢𝑚
 
)

  
 
   (2.9) 

 

𝐾𝑜 =
𝐾

𝑆𝑆𝑋𝑐𝑢𝑚,𝑎𝑜 
𝑆𝑆𝑋𝑐𝑢𝑚

+ 
𝑆𝑆𝑌𝑐𝑢𝑚,𝑎𝑜

𝑆𝑆𝑌𝑐𝑢𝑚

                      (2.10) 

 

𝐾𝑝 =
𝐾

𝑆𝑆𝑋𝑐𝑢𝑚,𝑎𝑝 
𝑆𝑆𝑋𝑐𝑢𝑚

+ 
𝑆𝑆𝑌𝑐𝑢𝑚,𝑎𝑝

𝑆𝑆𝑌𝑐𝑢𝑚

                      (2.11) 

 

2.2.4. Fourth variant: VIPOPLS (P, [SSX, SSY]) 

 

The fourth variant is called VIPOPLS (P, [SSX, SSY]), or VIP4, and it is 

analogous to VIPOPLS (W, [SSX, SSY]), the combination of SSX and SSY ratios 

is also applied to the formulation, but, instead of loading weights (w), 

normalized loadings (p) are used. Equations 2.12-2.14 show how this variant 

is iteratively computed. The number of variables (Ko and Kp) are computed 

like in the third VIP variant (Equations 2.10 and 2.11). 

 

VIP4,o = √𝐾𝑜 × (
[∑ (𝐩𝑜,𝑎𝑜

2 × 𝑆𝑆𝑋𝑐𝑜𝑚𝑝,𝑎𝑜)
𝐴𝑜
𝑎𝑜=1

]

𝑆𝑆𝑋𝑐𝑢𝑚
+
[∑ (𝐩𝑜,𝑎𝑜

2 × 𝑆𝑆𝑌𝑐𝑜𝑚𝑝,𝑎𝑜)
𝐴𝑜
𝑎𝑜=1

]

𝑆𝑆𝑌𝑐𝑢𝑚
)     (2.12) 

 

VIP4,p = √𝐾𝑝 × (
[∑ (𝐩p,𝑎𝑝

2 × 𝑆𝑆𝑋𝑐𝑜𝑚𝑝,𝑎𝑝)
𝐴𝑝
𝑎𝑝=1

]

𝑆𝑆𝑋𝑐𝑢𝑚
+
[∑ (𝐩p,𝑎𝑝

2 × 𝑆𝑆𝑌𝑐𝑜𝑚𝑝,𝑎𝑝)
𝐴𝑝
𝑎𝑝=1

]

𝑆𝑆𝑌𝑐𝑢𝑚
)  (2.13) 
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VIP4,t =

√
  
  
  
  
  
 

𝐾

2
×

(

  
 

[∑ (𝐩𝑜,𝑎𝑜
2 × 𝑆𝑆𝑋𝑐𝑜𝑚𝑝,𝑎𝑜)

𝐴𝑜
𝑎𝑜=1

]

𝑆𝑆𝑋𝑐𝑢𝑚
+
[∑ (𝐩𝑝,𝑎𝑝

2 × 𝑆𝑆𝑋𝑐𝑜𝑚𝑝,𝑎𝑝)
𝐴𝑝
𝑎𝑝=1

]

𝑆𝑆𝑋𝑐𝑢𝑚
+

 
[∑ (𝐩𝑜,𝑎𝑜

2 × 𝑆𝑆𝑌𝑐𝑜𝑚𝑝,𝑎𝑜)
𝐴𝑜
𝑎𝑜=1

]

𝑆𝑆𝑌𝑐𝑢𝑚
+
[∑ (𝐩𝑝,𝑎𝑝

2 × 𝑆𝑆𝑌𝑐𝑜𝑚𝑝,𝑎𝑝)
𝐴𝑝
𝑎𝑝=1

]

𝑆𝑆𝑌𝑐𝑢𝑚
 
)

  
 
(2.14) 

    

2.3. Some aspects about the interpretation of the equations 

   Equations 2.1-2.14 (in Section 2.2) apply to a general multi-y case, which 

means that SSYcomp,ao, which is computed as the difference between SSYao-1 

and SSYao, can be different from zero. This depends on the ratio between the 

number of predictive components and the number of variables in Y. If the 

number of predictive components is equal to the number of variables in Y, 

then SSYcomp,ao will be equal to zero; but if there are less predictive components 

than variables in Y, then the orthogonal components can have some 

correlation to Y, and therefore SSYcomp,ao will be small, close to zero, but not 

strictly zero. However, for single-y cases, this value will always be zero. 

 

As previously commented, each equation leads to one VIP vector. Thus, for 

each VIP variant, three VIP vectors are generated (one for the orthogonal part 

of the model, one for the predictive part, and one for the total model). The 

predictive and the orthogonal VIPOPLS vectors can be either plotted or 

numerically evaluated in order to assess the importance of the variables in 

each model compartment (i.e., a detailed view of the influence of the variables 

for interpreting either the correlated variation or the uncorrelated variation), 

as well as a holistic assessment of the important variables for the total model 

can be reach by the plotting (or the numerical evaluation) of the total VIPOPLS 

vector. The x-axis of the VIP plots contains the variables, and the y-axis the 

VIP values in arbitrary units (a.u.). The higher VIP value, the more important 

the variable is. All VIP approaches presented here follow the VIP=1 threshold 

criterion explained in Section 1.3.1, thus VIP values larger than 1 point to the 

most relevant variables, whist VIP values below 0.5 could be consider 

irrelevant variables for the model interpretation.  
 

2.4. Validation of the VIPOPLS algorithm 

   In order to prove the reliability and good performance of the new VIPOPLS 

algorithm, as well as discover if any of the four VIPOPLS variants leads to 

outstanding or better results, the validation of the algorithm was carried out. 

A simulated (synthetic) data set was used for building two latent models that 
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generated the parameters (mainly, scores and loadings) required for the 

VIPOPLS method. The obtained VIPOPLS vectors (predictive, orthogonal, and 

total) were plotted for examination. The PLS-VIP results were added for 

comparison purposes. The details and inferences from the validation are 

provided in the subsequent Sections 2.4.1-2.4.2. Besides, the additional tests 

using real data (Section 2.5) complement and strengthen the validation of the 

algorithm.  

 

2.4.1. Simulated data set and models for validation 

   The simulated data set used for this validation was previously used in 

Stendlund et al. in 2009 [47], and it comprises 70 observations (samples) and 

100 manifest variables. This data set was constructed from two overlapping 

profiles in the variables, x1 and x2 (see Figure 1), each normalized to length 

one. Their corresponding y1 and y2 vectors were orthogonal (i.e. 90° angle, 

zero correlation). The y1-vector has equidistant values centered on zero and 

scaled to unit norm. The values in the y2-vector were randomly generated, 

centered and orthogonalized to y1, and then scaled to unit norm. The X data 

matrix was calculated as the sum of both simulated components and a residual 

matrix E (contained about 1% of the total variance in X), as detailed in 

Equation 2.15 [47]. 

 

𝐗 = 𝐲𝟏 ∗ 𝐱𝟏
𝐓 + 𝐲𝟐 ∗ 𝐱𝟐

𝐓 + 𝐄           (2.15) 

 

From this simulated data set, two single-y models were created (using y1), 

(i) a two component PLS model, and (ii) an OPLS model with one predictive 

component and one orthogonal component (i.e., a 1+1 OPLS model). Both 

models explained more than the 99% of the variation for both X and Y, as 

expected from synthetic data. Besides, both PLS and OPLS models are fully 

comparable because both of them have the same total number of latent 

variables (i.e., two components). 

2.4.2. Results of the validation 

   From the parameters generated by the PLS and OPLS single-y models 

described in Section 2.4.1, the PLS-VIP and the VIPOPLS vectors (for the four 

variants) were computed and plotted, as shown in Figure 6. In order to 

facilitate the interpretation of the results, variables 47-53 were highlighted in 

red color and variables 37-43 and 57-63 were highlighted in blue color, each 

representing the maximum peaks in x1 and x2 profiles respectively.  
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Figure 6. VIP results for two component single-y PLS model (top left plot) and 1+1 component 

single-y OPLS model using the conventional PLS-VIP and the four new OPLS-VIP variants 

respectively for the simulated data set. Results are grouped according to total VIPOPLS, predictive 

VIPOPLS and orthogonal VIPOPLS. Pure profiles are provided in the top right plot. (Paper I) 

 

   From Figure 6, two observed results are relevant in relation to the validation 

of the new variants of VIPOPLS 
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a) The conventional PLS-VIP and the total VIP1 (i.e., VIPOPLS using w 

and without [SSX, SSY] weighting system) give similar profiles (more 

specifically, larger VIP values in the blue regions). 

 

b) The total plots of the second and the fourth VIPOPLS variants (OPLS-

VIP2_tot and OPLS-VIP4 _tot in Figure 6) have the maximum peak in 

the middle region (highlighted in red in Figure 6). 

 

   The first inference (from the results described in point a) is that VIPOPLS is 

able to reproduce results from PLS-VIP, which corroborates the reliability of 

the new VIPOPLS formulation. Both plots are identical because both VIP 

approaches (PLS-VIP and VIP1) are based on the use of the w loadings without 

the [SSX, SSY] variable-weighting system.  

 

   The second inference (from the results described in point b) is that the use 

of the normalized loadings (p) lead to different results regardless the 

weighting system that is used (i.e. regardless using individual ratios or the 

combination [SSX, SSY]). Therefore, the use of p in the formulation of VIP2 

and VIP4 makes the middle region (in red in Figure 6) having large 

contributions from both predictive (OPLS-VIP_pred) and orthogonal (OPLS-

VIP_orth) profiles.  

 

2.5. Testing of the VIPOPLS algorithm in real data 

   The new VIPOPLS algorithm (as MATLAB code) was tested with five real data 

sets. Two of them are used for testing the performance of VIPOPLS in 

multivariate data analysis (MVA) by using OPLS® and OPLS-DA® models; 

and the other three are used for testing it when applied to multivariate time 

series analysis (MTSA) for achieving a better diagnosis of process dynamics.  

 

As general methodology for testing, the PLS and OPLS models were firstly 

created, then the VIP vectors were calculated using the model parameters 

from the models, and finally the VIP vectors were plotted. For the tests in 

MTSA (introduced in Section 1.2.6), the VIP values were plotted as function 

of lag number (VIPLag plot) in order to find patterns, trends and peaks 

pointing to the best lag structure for each process variable. The VIP threshold 

applied for MTSA is the same one than the threshold for MVA, i.e. VIP = 1 (see 

Section 1.3.1 for explanation of the criterion). 

   The first data set relates to analytical chemistry, and it is called metal-ion 

data set [8, 142], which includes 52 mixtures of four different metal-ion 
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complexes that were mixed according to a design: FeCl3 [0–0.25 mM], CuSO4 

[0–10 mM], CoCl2 [0–50 mM], and Ni(NO3)2 [0–50 mM]. The design matrix 

does not have orthogonal columns, but it is still of full rank. The reference 

matrix consisted of 100 mM HCl. The mixtures were analyzed with a 

Shimadzu 3101PC UV–vis spectrophotometer in the wavelength region 310–

800 nm, sampling at each wavelength to produce 491 variables. The data set 

was split into calibration and prediction sets with 26 samples in each; only the 

calibration set was used for testing VIPOPLS. The preprocessing methods 

applied to the data were column mean-centering for X-variables and 

centering and scaling to unit variance for Y-variables. Both single-y (only the 

nickel metal-ion complex variable) and a multi-y (all metal-ion complex 

variables except nickel) models were evaluated. The nickel metal-ion complex 

variable was chosen for the single-y model because its pure profile has the 

largest overlap with the other profiles. This simulates a situation in which not 

all constituents in X are known in Y, that is, with orthogonal variation. 

   The second data set comes from an oxide chemical vapor deposition process 

used in the manufacturing of a computer chip in the semiconductor industry 

[31], and it is named wafers data set. The total number of samples (wafers) is 

2148. The data was collected across three process chambers (675 wafers were 

processed by chamber A, 768 by chamber B, and 705 by chamber C). The three 

chambers were used as classes (concept previously defined in Section 1.2.5) 

for building the OPLS-DA model, which allowed to test the performance of 

VIPOPLS for discriminant analysis (introduced in Section 1.2.5). The data set 

contains 110 input variables related to the production of the wafers, which 

were column centered and scaled to unit variance (i.e. UV scaled, see Section 

1.1.2). Due to property reasons, the details of the input variables cannot be 

disclosed.  

 

The third is the KAMYR digester data set [31], which corresponds to 

measures of the pulp quality according to the lignin content remaining in the 

pulp (characterized by the Kappa number [143]) during a pulp manufacturing 

process using a KAMYR digester. The subset analyzed in Paper II consists of 

500 observations (time points), 22 variables (21 X-variables plus the Kappa 

number), 20 lags for each process variable, and 5 lags for the Y-variable (i.e., 

the Kappa number). All variables, the original and their lags, were mean-

centered and scaled to unit variance prior to the multivariate data analysis. 

 

The fourth data set involves data from an industrial heater that 

experienced problems with repeated shutdowns. Data for four years of 

operation were available as daily averages for 26 process X-variables (each 

one lagged 100 times). To encode normal operation and periods of shutdown, 

a 0/1 dummy variable was used as the Y-variable (which was not lagged). For 
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proprietary reasons the nature of the process variables cannot be disclosed. 

There were no missing data in the data set, and all variables, original as well 

as their lags, were mean-centered and scaled to unit variance. 

 

The fifth data set is named SimCODM data set and contains the measures 

of the chemical oxygen demand (COD) into the effluent of a newsprint mill. 

The raw material was collected paper from used newspapers (70%) and used 

magazines (30%). The details of the de-inking process and the data set were 

previously described by Eriksson and Lindgren in 2001 [70]. The waste water 

discharged from this process constitutes the main source of chemical oxygen 

demand (COD), which levels were monitored. The resulting data set, used for 

the testing of VIPOPLS, contains 384 process time points (days), 54 process 

variables, and one response variable (COD measure). The latter was lagged 5 

times, and all X-variables were lagged 20 times; the original variables and 

their lags were mean-centered and UV scaled. 

 

The tests for the appraisal of the VIPOPLS in MVA, using the metal-ion data 

set, was performed running the four VIPOPLS variants described in Section 2.2. 

The results after testing the VIPOPLS variants VIP1–VIP3 (see Table 1) are found 

in the supplementary information of Paper I (enclosed to this thesis). In the 

summary provided in the following Sections, the focus will be placed on the 

variant VIP4, i.e. VIPOPLS based on p loadings and the combination [SSX, SSY]. 

 

2.5.1. Testing of VIPOPLS in OPLS and OPLS-DA model in MVA 

   The testing of VIPOPLS inside the framework of multivariate data analysis 

(MVA) is included in Paper I. The results showed two main achievements 

(supported by Figures 7 and 8): 

 

a) VIPOPLS properly selects the relevant X-variables related to the 

variation that is correlated to Y (i.e., corresponding to the predictive 

components), giving results similar to PLS-VIP.   

 

b) VIPOPLS finds the X-variables that are important for interpreting the 

variation that is uncorrelated to Y (i.e., the variables related to the 

orthogonal components of the model), which cannot be achieved by 

PLS-VIP.  
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Figure 7. Comparison of PLS-VIP results with OPLS-VIP4 results (OPLS-VIPtot, OPLS-VIPpred, 

and OPLS-VIPorth). Pure spectral profiles of the four metal-ions complexes are provided in the 

top of the figure. The arrow points at the location of nickel peak (~ 390 nm). (Paper I) 

 

 

For the metal-ion data set, Figure 7 corresponds to the PLS-VIP (based on 

w loadings and SSY) and VIP4 (based on p loadings and [SSX, SSY]) results 

for (i) a 5 component single-y PLS model containing nickel and a 1+4 

component (i.e., one predictive and four orthogonal) single-y (Ni2+) OPLS 

model – located on the left side of Figure 7 –, and (ii) a 5 component multi-y 
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PLS model and a 3+2 component multi-y OPLS model (both of them 

excluding nickel) – placed on the right side of Figure 7 –. All models had the 

same total number of latent variables (5 components), hence their VIP results 

were completely comparable. For the four models, more than the 99% of the 

variation was explained by the model, and more than the 98% could be 

predicted. For the single-y models, the PLS-VIP plot and the predictive and 

total VIPOPLS plots exhibit a clear peak (marked by an arrow in Figure 7) in the 

region of the X-variables related to nickel, and as expected, the peak was 

absent in the orthogonal VIPOPLS plot (OPLS-VIP4_orth in Figure 7), since only 

the wavelengths (variables) of the three other responses (i.e., Fe3+, Cu2+, and 

Co2+) excluded from the single-y models showed up as relevant variables for 

the orthogonal part of the model. It is worth explaining the presence of the 

cobalt peak in the single-y plots for PLS-VIP and OPLS-VIP4_pred of Figure 

7, which is due to the existent high correlation between the cobalt and nickel 

concentrations (higher than the correlation values for the other Y-variables, 

as shown in Table 2). 

 

Y-variables 
Correlation 

(absolute values) 

Co2+ , Ni2+ 0.384 

Fe3+ , Cu2+ 0.124 

Cu2+ , Ni2+ 0.103 

Fe3+ , Ni2+ 0.093 

Fe3+ , Co2+ 0.088 

Cu2+ , Co2+ 0.030 

 

Table 2. Absolute correlation values in descending order between the Y- variables of the single-

y models for the metal-ion data set.  

 

   On right side of Figure 7, the multi-y case for the metal-ion data set is 

provided, where nickel is excluded from the models (and only iron, cobalt, and 

copper responses are included). As it can be seen in the OPLS-VIP4_orth plot 

of Figure 7, the nickel wavelengths (around 390 nm) are considered important 

for explaining the uncorrelated (orthogonal) variation. Therefore, VIPOPLS 

assess the importance of the variables that help to explain the uncorrelated 

variation in a proper way, as mentioned at the beginning of this Section 

(achievement b). 

 

 

   For discriminant analysis, the two initial achievements, a) and b), 

mentioned at the beginning of this Section are also accomplished. Figure 8 

shows the results of the testing using the wafers data set. A 5 component PLS-
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DA model was built for the PLS-VIP variable sorting, and a 2+3 OPLS-DA 

model for VIPOPLS (variant VIP4). The VIP plots are shown in Figure 8.  

 

   The comparison of the PLSDA-VIP plot and the OPLSDA-VIP plot in Figure 

8 confirms the first achievement mentioned in this Section for discriminant 

analysis of multivariate data, since the variables that are considered more 

important in the PLSDA-VIP plot (marked in red in Figure 8) are the same as 

those found in the OPLSDA-VIPpred plot, but not in the OPLSDA-VIPorth plot. 

Besides, the second achievement is also proven by looking at Figure 8, since 

the variables that are more important for the orthogonal components (marked 

in blue in Figure 8) can only be elucidated using the new VIPOPLS (and not PLS-

VIP).   
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Figure 8. PLS-VIP and OPLS-VIP4 (total, predictive, and orthogonal) plots for the wafers data 

set. Important variables for the predictive components are highlighted in red, and important 

variables for orthogonal components are highlighted in blue. The order of the variables of the 

plots is not the same for all plots, the reason for this is that the variables have been sorted by 

descending VIP value. (Paper I) 
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2.5.2. Testing of VIPOPLS with industrial data for MTSA 

   The testing of VIPOPLS inside the framework of multivariate time series 

analysis (MTSA) is included in Paper II, where each data set was used for 

generating one PLS-TSA model and one OPLS-TSA model. The performances 

of PLS-VIP and VIPOPLS for elucidating time series properties were compared, 

more specifically, the lag structure assessment by variable influence on 

projection methods. The goal is to know which process variables should be 

lagged and which ones should not; but also finding an appropriate lag 

sequence for the process variables which benefit from lagging. No attempts at 

model refinement by fine-tuning the lag structure are made in this thesis, and 

only the initial TSA models were reported in Paper II.  

 

The PLS-TSA and OPLS-TSA models for each one of the three process data 

sets yield the same total number of components by means of cross-validation 

[144, 145]. For the KAMYR data set, the PLS-TSA model gave 4 components, 

and the OPLS-TSA gave 1 predictive and 3 orthogonal components. The 

models for the heater data set were an 11 component PLS-TSA and a 1+10 

component OPLS-TSA. And for the SimCODM data set, a 4 component PLS-

TSA and a 1+3 OPLS-TSA models were built. The percentages of explained 

and predicted variation can be found in Section 4 of Paper II.  

 

The three PLS-TSA models and the three OPLS-TSA models were 

interpreted by using VIP plots distributed in quartets, i.e. groups of one PLS-

VIP plot plus three VIPOPLS plots. In order to interpret the information on time 

series behavior uncovered by VIPPLS and VIPOPLS, a total of 101 of plot quartets 

(because of 21 X-variables in the KAMYR data set, 26 in heater data set, and 

54 in SimCODM data set) were inspected. The results of all tests are 

summarized below. 

 

The first step in the testing stage was to verify that VIPOPLS and VIPPLS led 

to similar lag assessments when the TSA model does contain very little or no 

orthogonal variation. The confirmation of the VIPPLS results by using VIPOPLS 

in a model dominated by predictive variation awards additional validation to 

VIPOPLS inside MTSA. Figure 9 shows the quartet of VIP plots corresponding 

to one of the variables (called blcm) of the KAMYR data set by extraction from 

the global models.  
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Figure 9. Extracted lagged variable blcm from the VIPPLS and VIPOPLS plots for a 4 

component PLS-TSA model and a 1+ 3 component OPLS-TSA model respectively for the KAMYR 

data set. The VIP value for lag 4 is highlighted in red color. (Paper II) 

 

In Figure 9, there is a clear primary peak (highlighted in red color) with 

highest VIP value at lag no. 4 (which corresponds to 4 hours). The peak is 

present in the VIPPLS plot, and also in the total and predictive VIPOPLS plots. 

Therefore, for the predictive part of the OPLS-TSA model and the PLS-TSA 

model, the lag structure assessment is the same either using VIPPLS or VIPOPLS. 

Moreover, lag no. 4 has a high VIPOPLS value for the predictive part of the 

model, but its value in the orthogonal VIPOPLS plot is not high which indicates 

that its relation to the orthogonal part of the model is weak. Finally, it is worth 

noting that variables 12 and 13 have low importance according to the VIPPLS 

and total VIPOPLS plots, which provide a variable importance sorting 

considering the total variation of the models. The only plots that can provide 

details of which type of variation (predictive or orthogonal) relates to variables 

12 and 13 are the predictive and orthogonal VIPOPLS plots. Looking at the latter 

plots (Figure 9), it can be seen that variables 12 and 13 are not related to the 

correlated variation (predictive components) since their predictive VIPOPLS 

values are extremely low, but only to the uncorrelated variation (orthogonal 

components) since their orthogonal VIPOPLS values are higher than in the 

predictive case. 

 

The assessment of the lag sequence (also called lag length) using VIP 

profiles was also tested in Paper II. VIPOPLS can be used to determine the 

point at which no correlation exists between the lags and a Y-variable (i.e., the 

lag with VIP value equal to zero, see Figure 10). The evaluation of the plots 
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showed a decay of the predictive VIPOPLS values to zero at lag 21 for the 

extracted lagged variable 6 of the heater data set, whilst VIPPLS was less 

distinctly going down to the zero line.  

 

 
 

Figure 10. Extracted lagged variable no. 6 from the VIP plots for models using the Heater data 

set. VIPPLS plot is the visualization of the VIP vector calculated from the PLS-TSA model, and the 

other three plots (TOT_VIPOPLS, PRED_VIPOPLS and ORTH_VIPOPLS) come from the OPLS-TSA 

model. The VIP value for lag 21 is highlighted in red color, and the decay from lag 0 to lag 21 is 

indicated by a red arrow. (Paper II) 

 

In Paper II, VIPPLS and VIPOPLS results were also compared for models with 

moderate to strong orthogonal variation that dominates over the predictive 

variation; for the latter situation, the results demonstrated that VIPPLS leads 

to misleading inferences, whereas VIPOPLS does not. One of the reasons for this 

is that OPLS offers an enhanced interpretability because of taking advantage 

of the orthogonal structure, and VIPOPLS, in contrast to VIPPLS, can also take 

advantage of it. This interpretational advantage of OPLS is known in the 

literature [47, 48, 60, 142, 146], but, to the best of my knowledge, it has not 

been demonstrated in MTSA before. 

 

The SimCODM data set was used for testing the lagging diagnosis by using 

the orthogonal VIPOPLS. This data set contains orthogonal variation that 

strongly dominates over the predictive structure of the OPLS model, which led 

to the obtainment of high orthogonal VIPOPLS values; in the latter case, VIPPLS 

does not inform about the dominance of the orthogonal variation. As inferred 

in Paper II, whenever a process variable has a high orthogonal VIPOPLS value 
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and a low predictive VIPOPLS value, the insight is that the process variable is 

not correlated to Y, which means that it should not be lagged.  

 

2.6. Statistical comparison of all VIP vectors 

   A holistic comparison of the VIPOPLS results is here given by means of 

hierarchical modeling (see Section 1.2.7) using three of the data sets (the 

simulated, the metal-ion, and the wafers data sets). For each dataset, 12 

different but OPLS-related VIP vectors are obtained (VIP1–VIP4 times three 

VIP types) plus the conventional PLS-VIP, which was included for 

comparative purposes, hence there is a total number of 13 VIPs (12 OPLS-VIPs 

+ 1 PLS-VIP). A hierarchical principal component analysis (HPCA) model was 

generated (the procedure is described in the Supplementary Information of 

Paper I). The score scatter plot of the HPCA model is displayed in Figure 11. 

The legend in Figure 11 indicates the variant of VIP (OPLS-VIPpred, OPLS-

VIPorth, OPLS-VIPtot, and PLS-VIP).  

 

 

Figure 11. Score scatter plot of the HPCA model built using the scores of five PCA models 

that contain the VIP outcomes using the three data sets. Labels of the points are coded according 

to the type of VIP, where the first letter (w/p) indicates the basis term used (loading weights or 

normalized loadings), the second letter (c/n) indicates if it is the conventional (c) weighting 

method using SSY and SSX separately or the new (n) weighting method using the combination 

[SSX,SSY], and the third letter (p/o/t/s) indicates if the VIP is related to the predictive (p) 

components, the orthogonal (o) components, the total (t) components, or PLS (s). The legend has 

been coded according to the third letter of the labels. (Paper I) 

   From Figure 11, it can be seen that the orthogonal VIPs (represented by 

green circles), regardless of VIP1–VIP4 variant, stand out from the rest. This 



 

44 

means the orthogonal VIPs encode new interpretative information, which 

cannot be obtained by the non-orthogonal VIP vectors. Additionally, for the 

quartet of orthogonal VIPs, it can be deduced that the choice of loadings 

(normalized p or w) has more influence on the shapes of the VIP vectors 

compared with the choice of weighting principle (individual ratios of SSY and 

SSX as opposed to the combination [SSY,SSX]). The four predictive OPLS-

VIPs (blue box symbols in Figure 11) are together in the scatter plot due to the 

fact that they are predominantly affected by SSY and hence are conceptually 

analogous to the PLS-VIP (which explains that the four predictive OPLS-VIPs 

are situated in the vicinity of PLS-VIP point in the plot). However, the two 

points that are sitting next to the PLS-VIP point arise from the total VIPs 

(yellow triangle symbol in Figure 11) of variants VIP3 and VIP4, which are 

based on p loadings and the alloy of [SSX, SSY].  

 

2.7. VIPOPLS (P, [SSX, SSY]) is the most convenient approach 
 

Taking all the results for all the tests presented in this Chapter, the 

conclusion is that the variant of VIPOPLS based on normalized p loadings and 

the combination [SSX, SSY] is the most convenient approach for improving 

the model interpretation of OPLS models in both MVA and MTSA.  

 

In Section 2.4.2, it was seen than PLS-VIP and the total OPLS-VIP1 (both 

based in w loadings) led to similar results, which showed that the concept was 

properly applied and the results among variants were reproducible. However, 

by looking at Figure 6, it is shown that these two plots highlight VIP values in 

the marked blue regions resulting in misleading information. Looking at the 

pure profiles, it can be noticed that in the blue regions, the x1 profile does not 

encode such important variables, only the x2 does. Encouragingly, the total 

VIPOPLS based on p loadings and [SSX, SSY] (i.e., VIP4) gives a more realistic 

relative importance to the variables than the other VIP variants (as can be 

appreciated from the relative sizes of the blue and red regions in Figure 6). 

Therefore, VIPOPLS (P, [SSX, SSY]) is the variant that provides more realistic 

and reliable variable assessment according to the results obtained using the 

simulated data set.  

 

The selection of VIPOPLS (P, [SSX, SSY]) is also supported by the real data 

cases. Comparing the metal-ion VIP results (see Figure 7 and Supplementary 

Information of Paper I) with the meta-ion pure profiles, the fourth variant 

seems to be more informative when orthogonal variation is present in the 

OPLS model. Besides, it should not been forgotten, than the fact of getting the 

variable importance sorting for the predictive and orthogonal model 

compartments separately allows a deeper understanding of the properties of 
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the data set, advantage that cannot be achieved by PLS-VIP. In the wafers case 

(Figure 8), VIPOPLS (P, [SSX, SSY]) was clearly superior to PLS-VIP because of 

its ability to uncover important variables for explaining the uncorrelated 

variation (i.e. variation of the orthogonal components), which escaped 

undetected by the conventional PLS-VIP. This could be clearly seen by the 

distinctive highlighting (red or blue, see Figure 8) of the manifest variables in 

the four plots according to their relation to the predictive and the orthogonal 

latent variables (components). For the wafers discriminant analysis, the 

variables considered important (i.e., VIPOPLS > 1) in the predictive VIPOPLS plot 

are related to the systematic differences between the three chambers, whilst 

the variables considered relevant (i.e., VIPOPLS > 1) by the orthogonal VIPOPLS 

plot are not related to the separation between chambers. Hence, an advanced 

understanding of the data under a DA perspective is possible by using VIPOPLS. 

For multivariate time series analysis (MTSA), VIPOPLS (P, [SSX, SSY]) was 

more reliable and useful than VIPPLS when the orthogonal variation was 

moderate or strong in the model, as explained in Section 2.5.2.  

 

Since VIPOPLS (P, [SSX, SSY]) has resulted to be more reliable, efficient, and 

useful than the other variants, the development of the other variants was 

based on it. Thus, from Section 2.8 and onwards, when the text will refer to 

VIPOPLS the variant used is the one based on normalized p loadings and the 

combination of the sum of squares of X and Y (i.e. [SSX, SSY]). 

 

It is worth mentioning that the use of correlated normalized loadings (pcorr 

and po_corr) was tested for VIPOPLS using the simulated data set and the metal-

ion data set. Differences were observed in the VIPOPLS profiles when using 

pcorr instead of p normalized loadings, however the results were inconclusive, 

as the interpretability improvement was not clear. 

 

2.8. Concluding remarks for VIPOPLS 

   Variable influence on projection for OPLS models (VIPOPLS) is useful for 

assessing the importance of the X-variables, which can be visualized in plots 

or by numerical exploration of the VIPOPLS vectors. The resulting sorting by 

importance of the variables allows to know which variables have a higher 

contribution to the model interpretation. This selected sub-set of variables can 

be latter used in MVA for building a stronger OPLS or OPLS-DA model, but 

also for lag assessment or better process dynamics understanding in 

multivariate time series analysis (MTSA).  

 

The enhanced model interpretation obtained from the VIPOPLS results can 

be provided in either a total or a detailed perspective. The total VIPOPLS 
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facilitates a holistic and compact model interpretation, and selects the 

variables that are more relevant for the interpretation of the total variation 

(i.e., both predictive and orthogonal) of the model. On the other hand, the 

detailed model interpretation is provided by the predictive and orthogonal 

VIPOPLS plots (or its vectors if numerical assessment is preferred); the 

predictive VIPOPLS sorts the variables according to their relevance for 

explaining the variation that is correlated to Y, whereas the orthogonal 

VIPOPLS identifies which variables are more important for explaining the 

variation uncorrelated to Y. The latter information cannot be provided by the 

conventional PLS-VIP. However, it is worth mentioning that VIPOPLS can be 

applied to PLS models, leading to a similar, or even better, sorting by 

importance of the X-variables for the predictive components of the PLS 

model.   

 

The results also demonstrate that VIPOPLS enhances the interpretation of 

process data, especially for lag structure assessment, in MTSA models. Some 

of the main findings were:  

 

(i) In process data sets with low orthogonal variability, VIPPLS and 

VIPOPLS give similar results as far as best lag structure assessment 

is concerned;  

 

(ii) VIPOPLS is more efficient and reliable than VIPPLS in latent variable 

models containing a significant amount of orthogonal variation;  

 

(iii) The predictive VIPOPLS provides a clear indication of the extent of 

process memory because the VIP function actually gets down zero 

in many cases;  

 

(iv) The use of the orthogonal VIPOPLS enables a clear-cut 

understanding of when lagging is not warranted. 

 

   The multiblock VIP approaches developed for O2PLS and OnPLS, will be 

based on VIPOPLS (P, [SSX, SSY]); the results and conclusions are presented in 

Chapters 3 and 4. 
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  “The second milestone” 

CHAPTER 3                                                                 .                                                                 
 

Paper III: VIPO2PLS for O2PLS models 

 
When analyzing large data sets with thousands of variables, the 

dimensionality reduction of multivariate and multiblock models by the 

removal of unnecessary variables is a good strategy for achieving a stronger 

model, i.e. with improved model interpretability and/or more reliable and 

robust predictability. In multivariate data analysis, methods such as principal 

component regression (PCR) [147, 148] and partial least squares (PLS) [5, 6] 

are commonly used for 1-way modeling of the X-matrix (i.e., XY)  [45, 46, 

149, 150], where all sources of variation in X are mixed together. As explained 

in Section 1.2.4, orthogonal projections to latent structures (OPLS®) [7] 

separates the different sources of variation contained in X following a 

correlation/uncorrelation to Y criterion; however, OPLS is also a 1-way 

modeling technique, thus only X is modelled. Two-block modeling techniques 

can overpass this 1-way philosophy, modeling both X- and Y- matrices, which 

makes prediction possible in 2 directions, i.e. XY and YX. A well-

established 2-way method for interpretation and prediction is the 2-block 

orthogonal projections to latent structures (O2PLS®) [8], described in Section 

1.2.8. In this Chapter, a novel approach based on the variable influence on 

projection concept, called VIPO2PLS (and sometimes denoted as O2PLS-VIP), 

is presented as the first O2PLS model based variable sorting/selection method 

(Paper III).  

 

As proven in Chapter 2, VIPOPLS (Papers I and II) is the most convenient 

and efficient method for sorting the X-variables of OPLS latent models 

according to their relevance for contributing to explain the correlated and the 

uncorrelated variations contained in the multivariate model. However, 

neither PLS-VIP nor VIPOPLS provide information related to the importance of 

the Y-variables; thus, for O2PLS models, a complete data interpretation is not 

possible by using either PLS-VIP or VIPOPLS. For assessing the relevance of 

both X- and Y- variables in an two-way O2PLS model, the inclusion of the 

O2PLS formalism is necessary, where prediction is possible in both ways (i.e. 

X  Y) since both data matrices are modelled (i.e., it is a two-block modeling 

method that can be included inside the multiblock umbrella). This is achieved 

by the new VIPO2PLS method presented in Paper III, which is the first 

multiblock variable selection (VS) method based on the O2PLS model 
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structure for simultaneous importance sorting of X- and Y- variables in order 

to get an enhanced model interpretation. 

 

The theoretical principles behind the novel VIPO2PLS (based on the use of 

both X- and Y- normalized loadings and a different SS weighting system) are 

explained in this Chapter, as well as the results of testing it in synthetic and 

real data. A brief comparison with interval partial least squares (i-PLS) [121], 

introduced in Section 1.4.3, is included. The goal is to improve the 

interpretability of O2PLS models using VIPO2PLS as method for sorting the 

variables by importance, and also as precursor for variable 

selection/elimination.  

 

3.1. VIPO2PLS methodology  

   The methodology for carrying out a VIPO2PLS analysis consists of three steps. 

Firstly, the generation of an O2PLS model. Secondly, the computation of the 

VIPO2PLS values from the parameters (scores and loadings) obtained from the 

O2PLS model. And finally, the evaluation of the VIPO2PLS results by numerical 

or graphical assessment.  

 

The results of VIPO2PLS follow an analogous layout than for VIPOPLS, that is, 

VIP profiles are obtained for (i) the predictive components, (ii) the orthogonal 

components, and (iii) the total components (i.e., predictive plus orthogonal); 

but now, VIP plots are provided for both X and Y data blocks (which can be 

visualized separately or together depending on the type of graphical 

representation chosen). By default, for a general case, six VIPO2PLS profiles are 

generated as vectors and, afterwards, plotted in three pairs as described below 

 

(i) One pair of VIPO2PLS profiles for the predictive components, one 

for the X-block and another one for the Y-block, which uncover 

the X- and Y- variables that are more important for the model 

interpretation in relation to the variation correlated to the Y- and 

X- matrices respectively; 

 

(ii) One pair of VIPO2PLS profiles for the orthogonal components per 

block (X and Y) severally, these profiles uncover the X- and Y- 

variables that are important for explaining the variation 

uncorrelated to the corresponding counterblock; 

 

(iii) One pair of VIPO2PLS profiles for the total model (i.e. both 

predictive and orthogonal compartments) for both the X- and the 

Y- blocks severally, these VIPO2PLS profiles point at the X- and Y- 
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variables that are more important for interpreting the model 

under an overall view. 

 

   The way to interpret the VIPO2PLS plots is analogous to the rest of VIP 

approaches. The threshold is set at VIP = 1 (see Section 1.3.1), which is marked 

by a red horizontal line in the plots. Variables with VIPO2PLS values higher than 

1 are relevant for the model interpretation, whilst variables with VIPO2PLS 

values lower than 1 are potentially irrelevant for the model interpretation. 

Other cut-off values could be considered [114], but the one proposed in this 

thesis (VIP = 1) is hitherto the most convenient for the three new orthogonal 

latent model based VIP approaches. 

 

3.2. The VIPO2PLS algorithm 

   For developing the equations of VIPO2PLS, the 2-way formalism of O2PLS 

(explained in Section 1.2.8.1 of this thesis and in the Appendix A of Paper III) 

was extrapolated to the variable selection framework.  After the creation of the 

VIPO2PLS equations, the code of the VIPO2PLS algorithm was developed by using 

MATLAB version R2015b (the MathWorks Inc., Natick, MA, USA). Both 

equations and code are described in this Section by means of eight steps and 

Figure 12. 

 

The cornerstone of VIPO2PLS, as for VIPOPLS, is the use of (a) normalized 

loadings for both predictive and orthogonal latent variables, and (b) a 

combination of both SSX and SSY. The difference with VIPOPLS lies on the 

different way to combine SSX and SSY, and the use of the normalized 

predictive and orthogonal loadings (pp and po) of both Xp and Xo but also of 

Yp and Yo (qp and qo); this is the key for the obtainment of a reliable and 

efficient selection of both X- and Y- variables, instead only the X-variables. 

(See Section 1.2.8.1 for further details about the abovementioned vectors and 

matrices). 

 

The preprocessed data blocks are introduced in the VIPO2PLS algorithm 

together with the normalized loading matrices (Pp, Po, Qp, and Qo) and the 

score matrices (Tp, To, Up, and Uo) obtained by O2PLS as described in the 

Appendix A of Paper III. Thereafter, the preprocessed X and Y matrices are 

inspected for missing data (see Section 1.1.7) before starting the VIPO2PLS 

calculations, which can be summarized in the following steps: 

 

Step 1: Initial estimation of the sum of squares of X and Y (SSX1 and SSY1). 

This is computed using the standard equation (see Equation 3.1) for 

calculating a generic column-wise SSDnxk. 
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𝑆𝑆𝐷1 = ∑∑(𝑑𝑖𝑗 − �̅�)2
𝑛

𝑖=1

𝑘

𝑗=1

               (3.1) 

 

 

 
 

Figure 12. Flow chart of the methodology to use VIPO2PLS algorithm (corresponds to the 

steps explained in Section 3.2). SSD stands for sum of squares (SS) of a data matrix D; and more 

specifically, SSX is a vector containing the initial value of SS for the X-block (SSX1), for each 

orthogonal component (SSXo), and for each predictive component (SSXp). Analogous 

nomenclature is followed for SSY. Comp_Pred_VIPO2PLS represents a VIP vector for a specific 

predictive component, Pred_VIPO2PLS is the final predictive VIPO2PLS vector for a data block, 

Orth_VIPO2PLS is the orthogonal VIPO2PLS vector for a data block, and Tot_VIPO2PLS stands for the 

total VIPO2PLS for a data block. (Paper III) 

 
 
Step 2: Computation of the sum of squares values of X and Y blocks for the 

orthogonal VIPO2PLS (i.e., SSXo and SSYo in Figure 12). For the SSXo vector, 

X is deflated by sequentially removing each orthogonal latent variable 
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(Equation 3.2), and a value of sum of squares (SSXao in Equation 3.3) is 

calculated for each deflated matrix (XDF,ao). This yields a number of SSXao 

values equal to the total number of orthogonal components (Ao); the cohort of 

all the SSXao values is the vector SSXo. The values for SSYo are calculated 

analogously. Equations 3.2-3.5 describe the calculation of each deflated 

matrix and the value of the SS for each orthogonal component. 

 

𝐗𝐃𝐅,𝐚𝐨 = 𝐗𝐃𝐅,𝐚𝐨−𝟏 − 𝐭𝐚𝐨 ∙ 𝐩𝐚𝐨
𝐓            (3.2) 

 

𝑆𝑆𝑋𝑎𝑜 =∑∑(𝑥𝑖𝑗 − �̅�)2
𝑛

𝑖=1

𝑘

𝑗=1

               (3.3) 

 

𝐘𝐃𝐅,𝐚𝐨 = 𝐘𝐃𝐅,𝐚𝐨−𝟏 − 𝐮𝐚𝐨 ∙ 𝐪𝐚𝐨
𝐓            (3.4) 

 

𝑆𝑆𝑌𝑎𝑜 =∑∑(𝑦𝑖𝑗 − �̅�)2
𝑛

𝑖=1

𝑘

𝑗=1

               (3.5) 

 
Step 3: Computation of the SS values of X and Y matrices, previously 

deflated by the removal of all the orthogonal latent variables, denoted here as 

XDF,Ao and YDF,Ao, for the predictive VIPO2PLS (i.e., SSXp and SSYp in Figure 

12). For the SSXp vector, XDF,Ao is deflated by sequentially removing each 

predictive component, and a value of SSXap is calculated for each deflated X 

matrix (XDF,Ao_DF,ap). This yields a number of SSXap values equal to the total 

number of predictive latent variables (Ap). The cohort of SSXap values is the 

vector SSXp. The SSYp vector is calculated analogously. Equations 3.6-3.9 

describe the calculation of each deflated matrix and each SS value for each 

predictive component. 

 

𝑿𝐃𝐅,𝐀𝐨_𝐃𝐅,𝐚𝐩 = 𝑿𝐃𝐅,𝐀𝐨_𝐃𝐅,𝐚𝐩−𝟏 − 𝐭𝐚𝐩 ∙ 𝐩𝐚𝐩
𝐓           (3.6) 

 

𝑆𝑆𝑋𝑎𝑝 =∑∑(𝑥𝑖𝑗 − �̅�)2
𝑛

𝑖=1

𝑘

𝑗=1

                                  (3.7) 

 

𝒀𝐃𝐅,𝐀𝐨_𝐃𝐅,𝐚𝐩 = 𝒀𝐃𝐅,𝐀𝐨_𝐃𝐅,𝐚𝐩−𝟏 − 𝐮𝐚𝐩 ∙ 𝐪𝐚𝐩
𝐓           (3.8) 

 

𝑆𝑆𝑌𝑎𝑝 =∑∑(𝑦𝑖𝑗 − �̅�)
2

𝑛

𝑖=1

𝑘

𝑗=1

                                  (3.9) 
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Now the X and Y data blocks are totally deflated, since both orthogonal and 

predictive components have been removed. The SS values are joined in two 

block-wise vectors, SSX and SSY, which comprise all the SS values, i.e. [SSX1, 

SSXo, SSXp] and [SSY1, SSYo, SSYp] respectively. This two final vectors 

(SSX[1+Ao+A]x1 and SSY[1+Ao+A]x1) form the matrix SSD[1+Ao+A]x2 (shown in 

Figure 12) used in the algorithm.  

 

Step 4: Calculation of the orthogonal variable influence on projection for 

the O2PLS model, i.e. Orth_VIPO2PLS (which is a vector with length equal to 

the number of variables of the data matrix used in its calculation). Since the 

Orth_VIPO2PLS profile considers only the variation that is unique for each 

data matrix, these profiles are computed for each data matrix separately. More 

specifically, we have two levels of iterations inside the algorithm, the data 

block is selected (first level) and afterwards all the orthogonal components are 

used iteratively (second level) for the same data block but using different 

weighting, when the process is ended, the other data block is chosen and the 

iterative process takes place again; thus, this is a block-wise calculation. For 

the X matrix, the Hadamard product [19] of the normalized orthogonal 

loading (po
2) is computed, and afterwards, po

2 is multiplied by the sum of 

squares of the correspondent data matrix (X) for that specific orthogonal 

component (ao) in an iterative mode. This yields to a number of products 

(pao)2 x SSXao equal to the total number of orthogonal components (Ao). An 

Orth_VIPO2PLS vector is calculated dividing each one of these products (pao)2 

x SSXao by the cumulated explained variation (SSXcum). Finally, the square 

root of the latter result is calculated, and a normalization is carried out 

multiplying by the square root of the number of variables (KX)1/2 and applying 

the Euclidean norm. The calculation is analogous for the Y data matrix, but 

using the qo and SSYo, instead of po and SSXo. Equations 3.10 and 3.11 

represent these calculations for the two orthogonal VIPO2PLS profiles, i.e. 

Orth_VIPO2PLS(X) and Orth_VIPO2PLS(Y). 

 

𝐎𝐫𝐭𝐡_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒 (𝐗) = (𝐾𝑋)
1/2 ∙ ‖√

∑ (𝐩𝐚𝐨
𝟐 × 𝑆𝑆𝑋𝑎𝑜)

𝐴𝑜
𝑎𝑜=1

𝑆𝑆𝑋𝑐𝑢𝑚
‖

Eucl.

        (3.10) 

 

𝐎𝐫𝐭𝐡_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒 (𝐘) = (𝐾𝑌)
1/2 ∙ ‖√

∑ (𝐪𝐚𝐨
𝟐 × 𝑆𝑆𝑌𝑎𝑜)

𝐴𝑜
𝑎𝑜=1

𝑆𝑆𝑌𝑐𝑢𝑚
‖

Eucl.

         (3.11) 

 

Step 5: Computation of the predictive VIP for the O2PLS model, i.e. 

Pred_VIPO2PLS (which is a vector with length equal to the number of 

variables of the data block used in its calculation). In contrast with the 

Orth_VIPO2PLS calculation, this iterative process has three levels; firstly, one 
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of the data matrices is selected (e.g. X), secondly, a predictive component (ap) 

is chosen, and thirdly the other data matrix (e.g. Y) is selected. The calculation 

is performed using pp loadings of the firstly selected data block and the sum 

of squares values of both data matrices sequentially whilst iterating with all 

the predictive components (Ap), and finally, the Pred_VIPO2PLS vectors are 

computed. Equation 3.12 is analogous to the one used in the orthogonal case, 

however, now the normalized loadings are used (for all the predictive latent 

variables iteratively) of one block mixed with the sum of squares of the same 

data block but also the other data block in the same calculation. For each 

predictive latent variable (ap) in the XY case, the Comp_Pred_VIPO2PLS 

vector can be written as follows: 

 

𝐂𝐨𝐦𝐩_𝐏𝐫𝐞𝐝_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒 (𝐗→𝐘,   𝐚𝐩) = (𝐾𝑋)
1/2 ∙ √

(𝐩𝑎𝑝
2 × 𝑆𝑆𝑋 𝑎𝑝) + (𝐩𝑎𝑝

2 × 𝑆𝑆𝑌 𝑎𝑝)

𝑆𝑆𝑌cum
         (3.12) 

 

This will yield a cohort comprising Ap number of Comp_Pred_VIPO2PLS 

vectors. 

 

   The whole process is then repeated exchanging the matrices, i.e. Y would be 

firstly selected, secondly the predictive component, and thirdly the X; and a 

new cohort of Comp_Pred_VIPO2PLS vectors is computed, but now using qp 

(see Equation 3.13). 

 

𝐂𝐨𝐦𝐩_𝐏𝐫𝐞𝐝_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒 (𝐘→𝐗,   𝐚𝐩) = (𝐾𝑌)
1/2 ∙ √

(𝐪𝑎𝑝
2 × 𝑆𝑆𝑌𝑎𝑝) + (𝐪𝑎𝑝

2 × 𝑆𝑆𝑋𝑎𝑝)

𝑆𝑆𝑋𝑐𝑢𝑚
          (3.13) 

 

   Finally, all the Comp_Pred_VIPO2PLS vectors of the same cohort are 

joined according to their profiling characteristics by addition of the squared 

Comp_Pred_VIPO2PLS vectors inside a root square. For scaling purposes, 

the resulting radicand is divided by Ap (see Equations 3.14 and 3.15). 

 

𝐏𝐫𝐞𝐝_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒(𝐗→𝐘) = √
1

𝐴𝑝
∙ (∑ 𝐂𝐨𝐦𝐩_𝐏𝐫𝐞𝐝_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒 (𝐗→𝐘,𝐚𝐩)

𝟐

𝐴𝑝

𝑎𝑝=1

)              (3.14) 

 

𝐏𝐫𝐞𝐝_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒(𝐘→𝐗) = √
1

𝐴𝑝
∙ (∑ 𝐂𝐨𝐦𝐩_𝐏𝐫𝐞𝐝_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒 (𝐘→𝐗,𝐚𝐩)

𝟐

𝐴𝑝

𝑎𝑝=1

)                          (3.15) 
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   The latter result is multiplied by (K)1/2 (square root of the number of 

variables) and the Euclidean norm is applied. Equations 3.16 and 3.17 describe 

the calculations involved in the generation of the Pred_VIPO2PLS profiles in 

a general and simplified way for X  Y and Y  X. 

 

𝐏𝐫𝐞𝐝_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒(𝐗→𝐘) = (𝐾𝑋)
1/2 ∙ ‖‖√

1

𝐴𝑝
∙ (∑

(𝐩𝑎𝑝
2 × 𝑆𝑆𝑋 𝑎𝑝) + (𝐩𝑎𝑝

2 × 𝑆𝑆𝑌 𝑎𝑝)

𝑆𝑆𝑌cum

𝐴𝑝

𝑎𝑝=1

)‖‖

𝐸𝑢𝑐𝑙.

 

(3.16) 

 

𝐏𝐫𝐞𝐝_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒(𝐘→𝐗) = (𝐾𝑌)
1/2 ∙ ‖‖√

1

𝐴𝑝
∙ (∑ √

(𝐪𝑎𝑝
2 × 𝑆𝑆𝑌𝑎𝑝) + (𝐪𝑎𝑝

2 × 𝑆𝑆𝑋𝑎𝑝)

𝑆𝑆𝑋𝑐𝑢𝑚

𝐴𝑝

𝑎𝑝=1

)‖‖

𝐸𝑢𝑐𝑙.

 

(3.17) 

 

   It should be noticed that, because of the last performed Euclidean norm, 

only the last (K)1/2 multiplication needs to be written in Equations 3.16 and 

3.17. Besides, the data matrix used for balancing the weighting by means of 

the cumulative sum of squares is not the same than the block providing the 

profiling characteristics. 

Step 6: Finally, a total VIPO2PLS vector for each data matrix is provided 

(Equations 3.18 and 3.19) by joining the predictive and the orthogonal 

VIPO2PLS profiles. 

 

𝐓𝐨𝐭_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒(𝐗→𝐘)

= (𝐾𝑋)
1/2

∙
‖

‖
 √‖√

∑ (𝐩𝐚𝐨𝟐 × 𝑆𝑆𝑋𝑎𝑜)
𝐴𝑜
𝑎𝑜=1

𝑆𝑆𝑋𝑐𝑢𝑚
‖

Eucl.

2

+ ‖‖√
1

𝐴𝑝
∙ [∑ (

(𝐩𝑎𝑝2 × 𝑆𝑆𝑋 𝑎𝑝) + (𝐩𝑎𝑝2 × 𝑆𝑆𝑌 𝑎𝑝)

𝑆𝑆𝑌cum
)

𝐴𝑝

𝑎𝑝=1

]‖‖

𝐸𝑢𝑐𝑙.

2

 
‖

‖

𝐸𝑢𝑐𝑙.

 

(3.18) 

 

𝐓𝐨𝐭_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒(𝐘→𝐗)

= (𝐾𝑌)
1/2

∙
‖

‖
√‖√

∑ (𝐪𝐚𝐨𝟐 × 𝑆𝑆𝑌𝑎𝑜)
𝐴𝑜
𝑎𝑜=1

𝑆𝑆𝑌𝑐𝑢𝑚
‖

𝐸𝑢𝑐𝑙.

2

+ ‖‖√
1

𝐴𝑝
∙ [∑ (

(𝐪𝑎𝑝2 × 𝑆𝑆𝑌𝑎𝑝) + (𝐪𝑎𝑝2 × 𝑆𝑆𝑋𝑎𝑝)

𝑆𝑆𝑋𝑐𝑢𝑚
)

𝐴𝑝

𝑎𝑝=1

]‖‖

𝐸𝑢𝑐𝑙.

2

‖

‖

𝐸𝑢𝑐𝑙.

 

(3.19) 
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Step 7: The SS of all obtained VIPO2PLS vectors is calculated; all them are equal 

to the number of variables of the corresponding block. 

Step 8: The six VIPO2PLS vectors are plotted in couples, the three resulting 

figures correspond to (i) the Pred_VIPO2PLS for each data matrix (Equations 

3.16 and 3.17), (ii) the Orth_VIPO2PLS for each block (Equations 3.10 and 

3.11), and (iii) the Tot_VIPO2PLS for each data block (Equations 3.18 and 

3.19). See Figure 13 as example. 

   Due to the effect of the Euclidean normalizations, the observed differences 

among the three tested weighting systems were small, hence alternative 

formulations should not be drastically discarded. For instance, an alternative 

formulation could consist of using classical individual ratios, similar to 

VIPOPLS, as shown in Equation 3.20 for X  Y (the Y  X expression would 

be analogous). 

 

𝐓𝐨𝐭_𝐕𝐈𝐏𝐎𝟐𝐏𝐋𝐒(𝐗→𝐘)

= (𝐾𝑋)
1/2

∙ ‖‖ √‖√
∑ (𝐩𝐚𝐨

𝟐 × 𝑆𝑆𝑋𝑎𝑜)
𝐴𝑜
𝑎𝑜=1

𝑆𝑆𝑋𝑐𝑢𝑚
‖

Eucl.

2

+ ‖√
1

𝐴𝑝
∙ [(

∑ (𝐩𝑎𝑝
2 × 𝑆𝑆𝑋 𝑎𝑝)

𝐴𝑝
𝑎𝑝=1

 𝑆𝑆𝑋 𝑐𝑢𝑚
+
∑ (𝐩𝑎𝑝

2 × 𝑆𝑆𝑌 𝑎𝑝)
𝐴𝑝
𝑎𝑝=1

 𝑆𝑆𝑌 𝑐𝑢𝑚
)]‖

𝐸𝑢𝑐𝑙.

2

 ‖‖

𝐸𝑢𝑐𝑙.

 

(3.20) 

 

3.3. Validation of VIPO2PLS using synthetic data 

   The validation consisted of (i) a synthetic data set creation, (ii) the 

generation of an O2PLS model using the synthetic data set, and (iii) the 

evaluation of the VIPO2PLS results for the O2PLS model. 

 

3.3.1. Design of the synthetic data set 

   For the validation of the new VIPO2PLS, a synthetic data set was created using 

MATLAB version R2015b (the MathWorks Inc., Natick, MA, USA). The 

synthetic data set (SD), created in 2016, is called SD16_311, and it is designed 

to yield 3 predictive components (ap), 1 X-orthogonal component (aox), and 1 

Y-orthogonal component (aoy). The data set consists of 150 observations and 

two data matrices, X and Y, which contain 667 X-variables and 834 Y-

variables respectively. For validation purposes, the SD16_311 data set was 

designed for making the orthogonal variation extremely dominant over the 

predictive variation, and also for having an increasing trend in the importance 

of the variables related to the predictive components.  
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   The pure profiles (PP) follow the Gaussian equation (see Equation 3.21), 

where x can be X or Y depending on the case, σ is set to give the desired 

width/height to the Gaussian bells, and μ locates the Gaussian bell in the 

desired range of variables. Additional details are found in Paper III. 

 

𝑃𝑃(𝑥) =
𝑒𝑥𝑝

−(𝑥−𝜇)2

2𝜎2

𝜎√2𝜋
              (3.21) 

 

The X-block is described in Equation 3.22 as the sum of both predictive and 

orthogonal components (𝐭𝐚 ∙ 𝐩𝐚
𝐓) plus the residual matrix (E).  The Y-block 

equation is analogous to Equation 3.22. 

 

𝑋 =  ∑ 𝑡𝑎𝑝𝑝𝑎𝑝
𝑇 + 

𝐴𝑝

𝑎𝑝

∑ 𝑡𝑎𝑜𝑝𝑎𝑜
𝑇 + 𝐸 

𝐴𝑜

𝑎𝑜

            (3.22) 

 

3.3.2. VIPO2PLS results for the synthetic data set 

   A 3+1+1 O2PLS model with the same proportions of model components 

(three ap, one aox, one aoy) than in the design of the SD16_311 data set was 

generated in SIMCA® software version 14.0 (MKS Data Analytics Solutions, 

formerly MKS Umetrics, Umeå, Sweden). All variables were mean-centered 

before the modeling stage. For further details the reader is referred to Section 

4.1 of Paper III. The parameters of the 3+1+1 O2PLS model were imported 

to MATLAB, and the VIPO2PLS plots were obtained by running the VIPO2PLS 

MATLAB code. Figure 13 contains the obtained VIPO2PLS profiles (going along 

the variables-axis from left to right: the first profile corresponds to ap1, the 

second profile to ap2, and third to ap3).  

 

The orthogonal VIPO2PLS plots (right bottom plots of Figure 13) identified 

the important variables for explaining the unique variation of each data block. 

And, as expected from the dominance of the orthogonal variation in the data 

set design, the total VIPO2PLS plots (right top plots in Figure 13) identified as 

important the same variables than for the orthogonal VIPO2PLS profiles, 

whereas the variables related to the predictive components have VIPO2PLS 

values below 1.  
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Figure 13. Normalized loadings for X (pp and po) and Y (qp and qo) of the SD16_311 data set 

are located on the top left quartet. The total VIPO2PLS plots for X and Y are provided on the top 

right of the figure, the predictive VIPO2PLS on the bottom left, and the orthogonal VIPO2PLS on the 

bottom right. Blue color is used for predictive, red for orthogonal, and black for total model. 

Solid lines correspond to the X-block, and dashed lines to the Y-block. The VIP threshold for 

variable assessment is represented by a red horizontal line at VIP=1. (Paper III) 

 

 

The predictive VIPO2PLS plots (left bottom plots of Figure 13) allowed the 

importance assessment of the X- and Y- variables for the interpretation of the 

predictive part of the model. For the first predictive component (ap1), the most 

of the X- and Y- variables were irrelevant for interpretation; for the second 

predictive component (ap2), some X- and Y- variables were relevant; and for 

the third predictive component (ap3), the most of the X- and Y- variables were 

important (VIPO2PLS > 1). For further identification (according to their labels) 

of these variables, we refer to the results section of Paper III. There was an 

increasing trend in importance from the first to the third predictive 

component, as expected from the data set design. It is worth mentioning that 

this increasing trend cannot be observed in the normalized loadings plot (left 

top plots of Figure 13) since the p loadings are not useful for elucidating the 

proportional importance of the variables when the scores (t) have different 

sizes, hereby the recommendation of using VIP as variable importance 

assessment method instead of the looking directly to the normalized loadings. 
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 3.4. Testing of VIPO2PLS using real data 
 

Two sets of real data were used for testing VIPO2PLS, one related to 

metabolomics and another one related to the food industry. The tests aim to 

prove the efficiency, usefulness and reliability of the new VIPO2PLS, as well as 

the importance of the applying the appropriate VIP approach (PLS-VIP, 

VIPOPLS, or VIPO2PLS) according to the type of latent model (i.e. PLS, OPLS, or 

O2PLS) as pointed in Section 1.3.3. Besides, a brief comparison with i-PLS VS 

method, using PLS-toolbox version 8.1.1 (Eigenvector Research, Inc.), is 

included. 

 

 3.4.1. Biological and industrial real data description 

 

The metabolomics related hierarchical data set was previously used for 

studying the multi-organ metabolic contribution of five different organs to 

the metabolic profile of plasma [151]. The organ samples were extracted from 

the gut, kidney, liver, muscle and pancreas of mice. The hierarchical data set 

consists of 8 observations and 18 variables (15 X-variables corresponding the 

organ score vectors, and 3 Y-variables corresponding to the plasma score 

vectors). Some experimental specifications are given in the original reference 

[151]. 

   The data set related to the food industry (used in Papers III and IV) is 

called the marzipan data set, and it is provided by the University of 

Copenhagen via the website www.models.life.ku.dk/Marzipan. The marzipan 

data set [152] consists of six data blocks obtained from the analysis of thirty-

two marzipan samples, of nine different recipes, performed using six different 

spectrometers set-ups. The marzipan samples contained different amounts of 

almonds, apricot kernels, water, sucrose, invert sugar, glucose syrup, and 

minor contributions of additives; cocoa was added in some of the marzipan 

samples, giving them a distinctive brown color. The six spectrometers 

(originally seven) were described by Christensen et al. in 2004 [152]. Table 3 

contains the number of manifest variables and the pre-treatments (PLS-

toolbox version 8.1.1, Eigenvector, Research, Inc.) for the six blocks. Further 

details are provided in Papers III and IV. For the tests of VIPO2PLS only the 

IR (from the PerkinElmer System 2000) and the NIRS2 (from the 

NIRSystems 6500 spectrometer) data blocks were used. The other data blocks 

are involved in the data analysis of Chapter 4.  

  

http://www.models.life.ku.dk/Marzipan
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Instrument 
Name of  

data block 

Number 

of variables 
Pre-treatment 

NIRSystems 6500 (1) NIRS1 1000 
EMSC  

Mean-centering 

NIRSystems 6500 (2) NIRS2 600 
Savitzky-Golay 

Mean-centering 

Infraprover II Infraprover 406 
EMSC  

Mean-centering 

Bomem MB 160 Diffusir Bomem 664 
EMSC  

Mean-centering 

Infratec 1255 Infratec 100 
Savitzky-Golay 

Mean-centering 

PerkinElmer System 2000 IR 950 
Savitzky-Golay 

Mean-centering 
 

Table 3. Summary of the marzipan data blocks including instrumentation, number of 

variables, and pre-treatments. 

 

3.4.2. Results of the VIPO2PLS tests using metabolomics data 

   Hierarchical modeling (see Section 1.2.7) was applied to the multi-organ 

data set yielding a 3+1+0 HOPLS model (see reference [151] for the detailed 

procedure and additional characteristics). In order to test VIPO2PLS, two 

O2PLS models were built from the hierarchical data, a 3+1+0 O2PLS model 

and a 3+1+1 O2PLS model. Due to the characteristics of the data, both O2PLS 

models explained and predicted exactly the same amount of variation than the 

3+1+0 OPLS model, which made all three models fully comparable. The 

reason is that the Y-orthogonal component of the 3+1+1 O2PLS model did not 

contain any additional biological variation, but it contributed to a full 2-way 

assessment of the variable importance by means of it normalized orthogonal 

Y-loadings vector (qo), which helped to the profiling of Y in the VIPO2PLS 

computation. Therefore, the 3+1+1 O2PLS is the most convenient model for 

testing VIPO2PLS and comparing its results to PLS-VIP and VIPOPLS 

assessments. The O2PLS models were generated using SIMCA software 

version 14.0 (MKS Data Analytics Solutions, formerly MKS Umetrics, Umeå, 

Sweden). 

   In order to compare the results of the three VIP variants (i.e. PLS-VIP, 

VIPOPLS, and VIPO2PLS), the following sortings for the variables (organs) were 

done: 
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(i) Sorting of the importance of the organs (variables) using PLS-VIP 

in a 3+1+0 OPLS model. This sorting performed using PLS-VIP, as 

well as the OPLS model, are taken from reference [151]. 

 

(ii) Sorting of the importance of the organs using VIPOPLS in the same 

3+1+0 OPLS model. 

 

(iii) Sorting of the importance of the organs using VIPO2PLS in an OPLS-

comparable 3+1+1 O2PLS model.  

 

   The results for the three tested VIP approaches were: 

 

a) VIPO2PLS was able to sort by importance the Y-variables (plasma), 

which cannot be achieved by PLS-VIP or VIPOPLS. VIPO2PLS quantified 

the importance of the plasma variables according to their 

contribution to the model interpretation. Their VIPO2PLS values were 

provided in Paper III. 

 

b) The importance assessments are different, even considering only the 

predictive components, when applying PLS-VIP and VIPOPLS to the 

same OPLS model, and also when using VIPO2PLS in a comparable 

O2PLS model. However, in some cases, some agreement among the 

approaches is achieved (e.g., all VIP approaches sorted Gut.t[1] as the 

most important variable). 

 

c) The orthogonal variation of the OPLS model used in [151], which is 

the 15.7 % of the explained variation, affects the importance sorting of 

the organ contributions. For instance, Kidney.t[1] increases its 

importance in relation to Gut.t[2] due to the orthogonal variation, as 

well as Pancreas.t[1] is sorted as important for interpreting 

uncorrelated variation (which could not be seen by applying PLS-VIP, 

since the latter led to misleading inferences such as considering this 

pancreas variable irrelevant for interpretation). Hereby the relevance 

of using VIPOPLS, instead of PLS-VIP, when assessing variable 

importance in OPLS models (since VIP is a model-based VS method, 

as pointed in Section 1.3.3).  

d) VIPO2PLS performs an evaluation of the importance of the multi-organ 

metabolic contribution different from VIPOPLS; since the plasma plays 

a stronger role as fixed balancer (by means of SSYcum) of the weighing 

of both X and Y in Equation 3.16, and also as profiler (by means of q) 

in Equation 3.17. 
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3.4.3. Results of the VIPO2PLS
 tests using industrial data 

   A 3+3+3 O2PLS model was generated in SIMCA software version 14.0 (MKS 

Data Analytics Solutions, formerly MKS Umetrics, Umeå, Sweden), details are 

provided in Section 4.3 of Paper III. As opposed to SD16_311, the predictive 

variation was clearly dominant over the orthogonal variation for both IR and 

NIRS2 data blocks. The VIPO2PLS results were obtained from the O2PLS scores 

and loadings, and they are shown in Figure 14. A detailed list of the important 

variables for model interpretation is found in Paper III. As in the other 

figures, the predictive VIPO2PLS and the orthogonal VIPO2PLS inform of the 

importance of the X- and Y- variables for the correlated and uncorrelated 

variations respectively, whilst the total VIPO2PLS elucidates which variables are 

important for the interpreting the total model. 

 

The variable assessment works equally well for both X- and Y- variables, 

the reason is the equality for both data blocks in the iterative process of 

variable selection performed by the VIPO2PLS algorithm, where not only the 

profiling information of the X-block is considered by including the orthogonal 

normalized loadings for X (po), but also the profiling information of the Y-

block by using the normalized orthogonal loadings for Y (qo). This is a model-

based advantage that comes from the O2PLS formalism, and explains why the 

orthogonal VIPO2PLS plot for the Y-block (Figure 14) can uncover some 

variables (e.g., the ones positioned between 1196 and 1240 nm) that are 

important only for the unique information contained in the Y-block (i.e. the 

variation contained in the NIR data that is uncorrelated to the IR data). The 

latter result proves the high efficiency of VIPO2PLS because of the difficulty of 

this achievement, since the predictive variation is extremely dominant over 

the orthogonal variation in the marzipan data set (which explains why the 

total VIPO2PLS plots are so similar to the predictive VIPO2PLS plots for this data 

set). 
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Figure 14. The results for the marzipan data set are divided in three compartments, (i) the 

variable selections, using VIPO2PLS and i-PLS for the predictive components, are located on the 

top of the figure, (ii) the orthogonal VIPO2PLS plots are in the middle, and (iii) the total VIPO2PLS 

plots are on the bottom. For VIPO2PLS, the predictive profiles are in blue, the orthogonal in red, 

and the total in black. The red threshold line at VIP=1 is included in all plots. For the predictive 

case, the variables selected by i-PLS are colored in green (overlapping the predictive VIPO2PLS 

profiles for easier comparison). (Paper III) 
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3.4.4. Brief comparison between VIPO2PLS and i-PLS 

 

Two 6 component PLS models were built in PLS-toolbox version 8.1.1 

(Eigenvector Research, Inc.), one for XY and another for YX, and a 

3+3+3 O2PLS model was generated in SIMCA® version 14.0 (MKS Data 

Analytics Solutions, formerly MKS Umetrics, Umeå, Sweden). The aim is to 

perform an i-PLS variable selection (VS) on them (forward mode) and 

compare the results with the VIPO2PLS VS under a descriptive perspective. The 

total amounts of explained variation were extremely similar (details are 

provided in Paper III); therefore, all models were considered comparable. 

For the XY i-PLS results, comparable to the XY way in the 3+3+3 O2PLS 

model, four intervals of fifty variables each one were selected, and the 

maximum number of latent variables was set to six. For the YX way i-PLS 

results, comparable to the YX way in the 3+3+3 O2PLS model, twenty 

intervals of ten variables each one were selected, and the maximum number 

of latent variables was set to six. The intervals of variables selected as 

important by i-PLS (marked in green in Figure 14), because of having the 

lowest average values of RMSECV, are listed in Paper III.  

 

A brief summary of the results and some main conclusions are provided. 

Looking at Figure 14, it can be seen that the selection of the variables of 

VIPO2PLS and i-PLS sometimes is the same (e.g., the Y-variables at 1436 nm), 

but there are many other occasions when the selection is different. As a 

preliminary reason (since further investigation is needed), this could be 

related to the calculations of i-PLS by using interval averages based on 

RMSECV values; since, regardless how important a variable is, the latter will 

not be selected as important by i-PLS if the rest of variables of the same 

interval have high values of RMSECV, because the whole interval (including 

the important variable) will be discarded.  

 

The results of the VIPO2PLS and i-PLS comparison presented in this thesis 

were corroborated by the results presented by Galindo-Prieto et al. [153] at 

the XVI Chemometrics in Analytical Chemistry (CAC) congress in Barcelona 

(Spain), where the tests on two real data sets (one related to carrageenans, and 

another related to polyurethanes) led to the same inferences.  

 

3.5. Concluding remarks for VIPO2PLS 

 

   The differences found in the variable importance assessment when 

comparing VIPO2PLS to PLS-VIP and VIPOPLS are because of the different 

formulation (since VIPO2PLS uses the parameters related to the Y-block and a 
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different weighting system). For PLS models, PLS-VIP uses the weight 

loadings (wp) and a ratio of exclusively SSY as weighting system for the 

variable importance; which implies the limitations mentioned in Section 1.3.2. 

For OPLS models, VIPOPLS is the most convenient VIP approach for achieving 

a proper assessment of the variable importance in both predictive and 

orthogonal parts of the model; the fact of additionally using the OPLS model 

parameters pp, po and SSX overcomes the PLS-VIP limitations and leads to a 

better model interpretability. However, VIPOPLS uses SSX and SSY as 

individual ratios (without mixing them in any moment), whilst VIPO2PLS 

changes the weighting system to semi-ratios of SS including a combination of 

the influences for the variables of both data matrices. Besides, VIPO2PLS also 

utilizes the Y-loadings (qp, qo), instead of only the X-loadings (pp, po), 

making its profiling ability superior. Thus, the parameters that come from the 

models, which are the inputs of the VIP approaches, influences the ability of 

VIP to select/sort the variables. Hence, the PLS-VIP, VIPOPLS, and VIPO2PLS are 

model-based VS methods, and it is important to choose the VIP approach 

according to the type of PLS-based latent model in order to get a realiable and 

efficient variable assessment. The recommendation is to use PLS-VIP only for 

PLS models, VIPOPLS for OPLS models, and VIPO2PLS for O2PLS models. It is 

also adviced the use of variable influence on projection approaches, instead of 

looking directly at the loadings, for achieving a reliable variable importance 

assessment (as shown in the synthetic case).  

   VIPO2PLS makes a step ahead in comparison to other VS methods because of 

its 2-way structure. If two OPLS models were generated for making the 

assessment of the X- and Y- variables separately by using VIPOPLS in each of 

the two OPLS models, it would be impossible to use the profiling information 

of both blocks (i.e., p and q), since only the normalized loadings of the 

modelled block (e.g., p of X) are used in VIPOPLS, which is a 1-way variable 

selection method. Thus, the profiling information of the Y-block provided by 

the Y-loadings would not be present in the VIP calculations of the OPLS model 

corresponding to the XY 1-way modeling, as well as the profiling 

information of the X-block provided by the X-loading would not be present in 

the VIP calculations of the OPLS model corresponding to the YX 1-way 

modeling. Hereby the improvement obtained when the 2-way VIPO2PLS 

method is used, rather than running the VIPOPLS or any other similar 1-way 

method, e.g. i-PLS, twice. This could justify part of the differences in the 

sorting of the X-variables in the multi-organ data set, since when introducing 

the plasma (Y-variables) influence the ranking of the X-variables becomes 

affected.  
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In our comparison between VIPO2PLS and i-PLS (only for the predictive 

components since i-PLS cannot deal with orthogonal variation), it can be seen 

that some agreement is achieved by the two methods when selecting the 

important variables; however, many differences can be found. It is important 

to realize that two different subsets of variables could equally lead to a 

stronger model; in order to assess if the VS method led to any improvement is 

possible to look at the model parameters related to interpretability and 

predictability. For the marzipan case a comparison and some additional 

testing related to interpretability and predictability were done, and from the 

model parameters (obtained from the reduced models by VIPO2PLS and i-PLS) 

was inferred that (i) VIPO2PLS is a good method for enhancing model 

interpretation, and (ii) i-PLS is a good method for enhancing model 

prediction.  
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“ The third milestone ” 

CHAPTER 4                                                                 .                                                                 
 

Paper IV: Multiblock variable influence 
on orthogonal projections (MB-VIOP) for 
OnPLS models 
 
 

In Chapter 3 (VIPO2PLS), the first multiblock (modeling two blocks) variable 

influence on projection approach based on orthogonal projection latent 

models has been presented. For two-block analysis the connectivity between 

the matrices is simple and there is solely one X-Y connection. However, when 

dealing with multi-block multivariate data analysis of three or more blocks 

(e.g., with OnPLS models), a more advanced VIP approach is needed to be able 

to understand the complete pattern of information overlapping between the 

various blocks. This new multiblock variable sorting/selection approach has 

been developed, validated, tested, and evaluated, leading to an innovative VIP 

algorithm for OnPLS models called multiblock variable influence on 

orthogonal projections (MB-VIOP), which is a complete multiblock VS 

method able to deal with two, three or more (n) blocks. Thus, MB-VIOP is the 

first variable selection method for OnPLS models presented in the scientific 

literature, and as it will be demonstrated in this Chapter, MB-VIOP can sort 

the variables of a large number of data matrices according to their importance 

for the model interpretation, leading to stronger OnPLS models.  

 

The fundamentals of OnPLS models have been explained in Section 1.2.8.2 

of this thesis, including the types of variation (unique, local, and global) in 

which the total variation is separated. As VIPOPLS and VIPO2PLS, MB-VIOP 

takes advantage of the use of the OnPLS structure by using its scores and 

normalized loadings, thus MB-VIOP is an OnPLS model-based variable 

sorting/selection method. MB-VIOP can handle with a large number of data 

sets simultaneously, with thousands of input variables and their underlying 

connections; this cannot be achieved by the variable selection methods for one 

data block found in the abundant literature [110, 111, 116-118, 130]. In fact, 

very few attempts of methods for reducing the number of variables in 

multiblock (MB) analysis are found in the literature [83, 154], usually either 

leading to unreliable results or focusing the variable selection in only one data 

matrix of the multiblock model. In addition, as inferred by Næs et al. in 2011 

[155], orthogonalization can make the variable selection a complex point in 

cases that imply several data blocks like in path modeling by sequential PLS 
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regression. Encouraging, two new methodologies were born in 2016 able to 

face orthogonalization and multiblock data sets, (i) a combination of MB and 

VS methods presented by Biancolillo et al. [126] and (ii) VIPO2PLS method 

presented by Galindo-Prieto et al. (Paper III).  

 

The cornerstone of multiblock variable influence on orthogonal projections 

(MB-VIOP) is its inter-block connectivity with focus on the variable influence 

for enhanced model interpretation, which makes MB-VIOP outstand from 

VIPOPLS (in Chapter 2) and VIPO2PLS (in Chapter 3).  

 

4.1. The MB-VIOP goals 
 

The main goal of MB-VIOP is to achieve an improved model interpretation 

in multiblock data analysis. To this end, MB-VIOP uses the scores (t), 

normalized loadings (p), and pre-treated data matrices (D1, …, Dn), for assess 

of to what extent the variables are relevant for the model interpretation. This 

variable assessment can be performed under two perspectives, (i) for the total 

variation without distinguishing between variation types, or (ii) for each type 

of variation (unique, local, and global) present in the OnPLS model. In order 

to do this, four MB-VIOP profiles (i.e. vectors and/or plots) are provided by 

MB-VIOP:  

 

1) The total MB-VIOP profile for the total variation of the OnPLS model 

(i.e., unique + local + global), which identifies the variables that are 

more important for interpreting the whole model, and which variables 

are potentially removable in order to get a stronger OnPLS model. 

 

2) The global MB-VIOP profile, which indicates which variables 

contribute to interpret the variation that is common to all data blocks 

of the OnPLS model. 

 

3) The local MB-VIOP profile, which points to the variables that are 

important to explain the variation that is shared by some of (but not all) 

the data blocks, as well as how the variables connect among themselves 

through different data matrices to explain the variation shared by them 

(i.e., related to the same latent information). 

 

4) The unique MB-VIOP profile, which finds the variables that contain 

unique information only related to one specific data block (i.e., 

variation that is orthogonal to the rest of data blocks, and hence it is not 

shared by the matrices). 
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   It is worth noticing that the data blocks are denoted as Dn, instead of X or 

Y. The reason is that OnPLS treats all blocks in the same way (it has symmetry 

in its algorithm). OnPLS is currently a descriptive statistical method to 

interpret several data sets simultaneously without focusing on prediction, 

hence distinguishing nomenclature, as X and Y, is not needed. Under the 

same philosophy, there is no sense in distinctive nomenclature for the 

parameters, thus the normalized loadings of D will be denoted as p and the 

scores as t (without need of q or u notations). Subscripts will be used for any 

needed specification. 

 

4.2. Model-based calculation of the variable importance 
    

   Multiblock-VIOP is a model-based variable selection method whose basic 

calculation unit consists of computing the Hadamard products [19] of the 

normalized loadings (p○2, i.e. p○p), and afterwards, the variables are 

weighted. For MB-VIOP, which involves a large number of data blocks with 

different dimensionality and properties, different weighting systems were 

tested. The most reliable variable sorting/selection was found to be the ratio 

between the sum of squares (SS) of the variation explained by each component 

(latent variable) and the SS of the cumulated variation.  

 

   The MB-VIOP values are obtained by iterative calculations among 

components and data matrices, with specific combinations according to the 

type of variation. As final step, the square root of the MB-VIOP value is taken, 

and a normalization is performed by applying the Euclidean norm and 

multiplying by the number of variables raised to the ½ power. The latter 

explanation is the general procedure for all types of variation (Figure 15). The 

calculations, equations (for unique, local, global, and total variations), and 

how to interpret the results provided by the MB-VIOP algorithm, are also 

described in this Chapter. 
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Figure 15. Venn diagram that shows the three types of variable influences in MB-VIOP 

according to the type of variation (global, local, and unique) that they explain. The three data 

blocks are represented by three big circles (yellow for D1, blue for D2, red for D3). There are 

three different types of zones according to how the information is shared (i.e. globally, locally, 

or uniquely) by the variables among the blocks. Variables that belong to D1 are represented by 

stars, variables of D2 by squares, and variables of D3 by circles. Variables filled in white are 

important, whereas the ones filled in black are not. Variables labeled with an e are special cases. 

(Paper IV) 

 

 

   Finally, it is worth emphasizing that all VIP approaches presented in this 

thesis follow the same threshold criterion for determining if a variable is 

important or not. In short, for MB-VIOP, the key lies in the fact that the sum 

of squares of all MB-VIOP values is equal to the number of variables of the 

respective data matrix, thus the average MB-VIOP is equal to 1. Hereby, if all 

variables would have the same contribution to the OnPLS model, they would 

have MB-VIOP values equal to 1. The latter statement makes clear that 

variables with MB-VIOP values higher than 1 will be relevant for the model 

interpretation, whereas variables with MB-VIOP values below 1 could be 

considered irrelevant for the model interpretation. In the MB-VIOP plots, the 

threshold of MB-VIOP = 1 is represented by a red horizontal line, thus 

variables with MB-VIOP values overpassing the line should be considered 

important.  
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4.3. Computation of MB-VIOP 

   In this Section, it will be explained how the MB-VIOP profiles for unique, 

local, global, and total variations are computed when running the MATLAB 

code for MB-VIOP. The equations and explanations are given for each MB-

VIOP profile separately in Sections 4.3.1-4.3.4. Equations 4.1-4.4 show the 

core of MB-VIOP condensed in understandable and intuitive expressions. 

Details and options for visualizing the MB-VIOP vectors obtained in this 

Section are found in Paper IV.  

4.3.1. Calculation of the unique MB-VIOP 

   This is the first profile computed in the MATLAB code of MB-VIOP. The 

unique MB-VIOP gives a MB-VIOP value to each variable according to its 

importance for explaining unique variation, i.e. the variation that belongs only 

to one specific data matrix and it is not shared with other data blocks (since 

the unique variation is uncorrelated to them). Equation 4.1 summarizes the 

unique MB-VIOP computation. 

 

MB − VIOPUnique (di) = (𝐾𝑑𝑖)
1/2 ∙ ‖ √

∑ (𝐩°𝑎𝑢,𝑑𝑖
2 × 𝑆𝑆𝐷𝑎𝑢,𝑑𝑖)

𝐴𝑢
𝑎𝑢=1

𝑆𝑆𝐷𝑐𝑢𝑚,𝑑𝑖
 ‖

𝐸𝑢𝑐𝑙.

           (4.1) 

 

For Equation 4.1, di represents a data matrix, K is the number of manifest 

variables of the block, Au stands for the total number of unique components, 

au indicates a specific unique component, p corresponds to the normalized 

loadings extracted from the OnPLS model, SSDau,di  stands for sum of squares 

of a data block for an au
th component, SSDcum,di stands for the cumulated sum 

of squares of a data block, and the Euclidean normalization is indicated as 

Eucl. and enclosing the normalized expression between double-line brackets. 

 

4.3.2. Calculation of the local MB-VIOP 

   The local MB-VIOP calculation only includes the data blocks that contain 

manifest variables locally connected among themselves, i.e. manifest variables 

that share local variation. Blocks that do not share local variation related to 

the same latent variable (i.e., either having global connections or a different 

local connection related to a different latent variable) are excluded from the 

local MB-VIOP computation related to that specific latent variable. 

Furthermore, the local part of the MB-VIOP algorithm is constrained to ignore 

the connection of a data matrix with itself, since this would increase the 

importance of the locally connected manifest variables in relation to the whole 
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model variable influence, making the weighting unfairly favorable to these 

manifest variables.  

 
The local MB-VIOP calculation is shown in Equation 4.2. The calculation 

iterates among all the local latent variables Al, and the local MB-VIOP values 

for each local component are calculated considering all the combinations 

(direct and reverse) of the locally connected blocks (DLC in Equation 4.2). DLC 

includes the block di and also the blocks connected to it (dLC) in Equation 4.2. 

For instance, in a multiblock analysis involving more than three data blocks, 

if the variation of a local component is shared by three blocks, the 

corresponding local MB-VIOP values will be calculated using exclusively these 

three blocks in a iterative and exchangeable way either to provide the p 

loadings or the SSD values. In the end, all three connected blocks will have 

contributed as both di and dLC according to the specific ongoing calculation. 

MB − VIOPLocal (di) = (𝐾𝑑𝑖)
1/2 ∙ ‖√𝛽−1 ∙  (

∑ ∑ (𝐩°𝑎𝑙,𝑑𝑖
2 × 𝑆𝑆𝐷𝑎𝑙,𝑑𝐿𝐶)

𝐷𝐿𝐶
𝑑𝐿𝐶=1

𝐴𝑙
𝑎𝑙=1

𝑆𝑆𝐷𝑐𝑢𝑚,𝑑𝐿𝐶

)‖

𝐸𝑢𝑐𝑙.

             (4.2)    

    In Equation 4.2, K represents the number of manifest variables of the data 

block, β is a connectivity factor, al stands for a specific local component, p 

represents the normalized loadings, SSDal,dLC stands for sum of squares 

explained by an al
th component for a data block dLC, SSDcum,dLC is the 

cumulated sum of squares of the data block dLC. The Euclidean normalization 

is denoted as Eucl. and enclosing the normalized expression between double-

line brackets. Manifest variables with MB-VIOPLocal(di) > 1 are relevant for 

explaining local variation. 

   The local MB-VIOP of each block is adjusted when dividing by β, which is 

the number of local multiblock variable influence contributions related to a 

specific data block (di). It is important to understand that, when there are 

variables that share local variation among more than two blocks, β is different 

from the scaling factor used for the predictive VIPO2PLS (Paper III). The 

connectivity factor (β) is not only component-wise, but also multiblock-wise. 

The VIP approach for O2PLS® models uses the total number of predictive 

components (Ap) as scaling factor; however, for OnPLS models where the 

variables can be locally connected among three or more data blocks (not only 

two), using the total number of local components as scaling factor would lead 

to an overestimation of the influence of the variables belonging to blocks 

involved in local connections between three or more blocks. For this reason, β 

is based on the number of local connections that the variables of a specific 

block establish with the variables of the other locally connected blocks.  
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4.3.3. Calculation of the global MB-VIOP 

   The variables with global MB-VIOP values higher than 1 will be important 

for explaining variation shared by all the data matrices (these variables would 

be the ones filled in white inside the grey zone of Figure 15), for instance, they 

could explain a common biological effect present in all the data blocks. The 

global MB-VIOP (Equation 4.3) is calculated by iterating over all the data 

block combinations (direct and reverse modes) and all the global components. 

The block combinations include (i) combinations between different blocks 

and also (ii) the combination of each block with itself; making use of both 

types of combinations a fair weighting of the variables in relation to the whole 

OnPLS model is achieved. It is worth commenting that, whereas the local 

connection of a block with itself would be inconvenient for a fair weighting of 

the variables related to local variation (Section 4.3.2), the connection of a data 

block with itself for the global variable influence does not lead to any unfair 

weighting of the variables because absolutely all blocks are being considered 

and, hence, the increase of variable influence is equally-valued in relation to 

the total model.  

 

MB − VIOPGlobal (di) = (𝐾𝑑𝑖)
1/2 ∙ ‖√

∑ ∑ (𝐩°𝑎𝑔,𝑑𝑖
2 × 𝑆𝑆𝐷𝑎𝑔,𝑑𝑗)

𝐷𝑗=𝐷
𝑑𝑗=1

𝐴𝑔
𝑎𝑔=1

𝑆𝑆𝐷𝑐𝑢𝑚,𝑑𝑗
‖

𝐸𝑢𝑐𝑙.

        (4.3) 

   In Equation 4.3, di is the block that provides the p loading in a specific 

iteration, and dj as provider of the SSD values for the same iteration. The 

blocks exchange these roles on the spot (i.e., at the exact iteration 

corresponding to a specific calculation); thus, all D matrices are used as both 

di and dj, but in different moments of the global MB-VIOP computation. The 

terms of Equation 4.3 follow a nomenclature similar to previous Equations, 

and now Ag is the total number of global components, ag is a specific global 

component, SSDag,dj stands for sum of squares of an ag
th component related to 

a data block dj, and SSDcum,dj stands for the cumulated sum of squares of the 

data block dj.  

 

4.3.4. Calculation of the total MB-VIOP  

 

   The total MB-VIOP includes the contributions of the variables for the global, 

local, and unique compartments of the OnPLS model making a proper 

weighting of all variables for the total variable influence on all projections. 

Equation 4.4 shows its calculation. 
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MB − VIOPTotal (di)

= (𝐾𝑑𝑖)
1/2

∙ ‖√(MB − VIOPUnique (di))
2
+ (MB − VIOPLocal (di))

2
+ (MB − VIOPGlobal (di))

2
‖
𝐸𝑢𝑐𝑙.

 (4.4)  

 

   The nomenclature of Equation 4.4 is analogous to the nomenclature 

mentioned in Sections 4.3.1-4.3.3. Manifest variables with total MB-VIOP 

values higher than 1 have importance for interpreting the total OnPLS model.  

 

    

4.4. Validation and testing of MB-VIOP 

   The MB-VIOP method was validated using a synthetic data set created for 

this purpose, and tested in the marzipan data set (described in Section 3.4.1) 

and in data set related to systems biology consisting of metabolomics, 

proteomics and transcriptomics data. The synthetic and biological data sets 

are described in Section 4.4.1. The results and conclusions are included in the 

next Sections. 

4.4.1 Data sets description 

   As commented in the introduction of this Section 4.4, the description of the 

marzipan data set [152] is found in Section 3.4.1 of this thesis, the only change 

is the addition of the normalization of all data blocks to equal sum of squares 

(see Section 1.1.8) before building the OnPLS model.   

   The synthetic data set is called SD16_235GLU, which stands for synthetic 

data (SD) designed in 2016 for having 2 global components (G), 3 local 

components (L), and 5 unique components (U). The data consist of four blocks 

(D1, D2, D3, D4) with the same 50 observations. D1 contains 61 variables, D2 

has 79, and D3 and D4 contain 96 variables each one. The coincidence of 

number of variables in D3 and D4 was done in purpose to challenge the 

implementation of the algorithm inside the code. The joint (global and local) 

normalized loadings were created using Gaussian pure profiles, which are 

visualized as a bell shape in the plots; whist the unique normalized loadings 

were created using unit pulse pure profiles, visualized as a rectangular step in 

the plots. The scores were randomly generated, mean-centered, scaled to unit 

norm, and orthogonalised among themselves. The components were 

calculated as the individual products of scores and transposed normalized 

loadings (similarly to the synthetic data set of Paper III). A generic D-block 

is described in Equation 4.5.  
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𝐃 =  ∑ 𝐭𝐚𝐠𝐩𝐚𝐠
𝐓 + 

Ag

ag

∑ 𝐭𝐚𝐥𝐩𝐚𝐥
𝐓 + 

Al

al

∑ 𝐭𝐚𝐮𝐩𝐚𝐮
𝐓 + 𝐑 

Au

au

             (4.5) 

 

The SD16_235GLU was designed to (i) be very exigent/difficult in relation 

to the five unique components when modeling, (ii) to have one local 

component shared by D2, D3, and D4, (iii) to have a local component shared 

by D1 and D4, (iv) to have a local component shared by D1 and D2, and (v) to 

have two global components shared by all blocks. The percentage of variation 

per component is: 14.3% in D1, 25% in D2, 25% in D3, and 20% in D4 (thus, 

D1 has a total of seven components, D2 has four, D3 also four, and D4 has five). 

 

The data set related to metabolomics, transcriptomics, and proteomics is 

here called hybrid aspen data set. The data come from samples of hybrid 

aspen (Populus tremula x Populus tremuloides) grown in a greenhouse under 

controlled conditions for twelve weeks [156]. The samples were labeled 

according to the plant internode from where they were sampled (categories A, 

B, and C), and according to three different genotypes of hybrid aspen (WT, G5, 

and G3). The wild-type (WT) played the role of reference sample. The G5 and 

G3 genotypes were related to the PttMYB21a gene, which is known to 

primarily affect lignin biosynthesis and plant growth characteristics. The data 

set used in Paper IV consists of three data blocks with 33 samples. The 

transcript data block has 14738 variables (microarray elements), the protein 

data block 3132 variables (extracted chromatographic peaks), and the 

metabolite data block 281 variables (extracted chromatographic peaks). Prior 

to modeling, the three data blocks were pre-treated by multivariate techniques 

[99]. Further details about the data set and the data pre-treatments are given 

in Bylesjö et al. [156] and Löfstedt et al. [99]. 

 

4.4.2. OnPLS models for validation and testing 

   The OnPLS models were generated from the OnPLS code using MATLAB 

(The MathWorks Inc., Natick, MA, USA). The models are here briefly 

described, more details about amounts of explained variation and other model 

features are given in Section 3 of Paper IV. 

   For the four-block SD16_235GLU data, a 2+3+3 OnPLS model was built. 

Two global components (in blue and black in Figure 16 of Section 4.4.3), three 

local components (in cyan, orange, and green, in Figure 16), and three unique 

components (in pink color in Figure 16) were found. Only the two unique 

components designed to be very difficult to extract, were not found.  
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   For the six-block marzipan data, an OnPLS model with two global and two 

unique components was generated. Since all blocks are related to NIR/IR 

spectroscopy, it was not surprising to find two global components. One unique 

component was found in NIRS1, representing an 8.8% of uncorrelated 

variation. For the IR data block, an 18.9% of the variation was classified as 

unique (i.e., uncorrelated to the other blocks), and a 7.1% as residual variation; 

however, after examining the respective loadings, it was revealed that the 

18.9% of the variation corresponded to the residuals, and the 7.1% to the 

unique component. In addition, as interesting feature of the marzipan data, 

the joint (predictive) variation was extremely dominant over the unique 

(orthogonal) variation.  

   For the hybrid aspen data, an OnPLS model was built obtaining four global 

components, two local components (one shared between the transcript and 

the metabolite data, and another shared between the transcript and the 

protein data), and two unique components (one for the transcriptomics block, 

and another for the metabolomics block).  

 

4.4.3. Results of the validation using synthetic data 

   In order to evaluate the reliability of the MB-VIOP method, the variable 

selection is here compared to the normalized loadings directly extracted from 

the designed synthetic data set (on the left top of Figure 16). On the other 

hand, for the testing the efficiency of MB-VIOP, an analysis relating the 

variables assessed as important by MB-VIOP to the amount of explained 

variation is carried out. A more detailed description of the results is provided 

in Paper IV, only the more outstanding results will be mention here. 

 

For block D2 (see Figure 16), despite having a high overlapping of the 

normalized loading profiles, MB-VIOP successfully identified the variables 

that were relevant for each type of variation. For D4, MB-VIOP also correctly 

assessed the variable importance.  
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Figure 16. Multiblock-VIOP results for the synthetic data set SD16_235GLU. An overview of 

the 4-block (D1-D4) multiblock system and its interactions is located on the right top of the 

figure. The normalized loadings directly extracted from the synthetic data set (not from the 

model) are provided on the left top. For the whole figure, the colored marking follows the code 

indicated in the legend (pink is used for unique, black and blue for the global, cyan (D1-D4) and 

orange (D1-D2) for local information related to two-block interactions, and green for the local 

information related to the three-block interaction (D2-D3-D4)). The MB-VIOP plots are 

distributed by columns according to type of interpreted variation, and by rows according to 

data block. Important variables are those with MB-VIOP values above the red line (threshold at 

MB-VIOP > 1). (Paper IV) 

 

   Looking at the unique MB-VIOP plot of D1 in Figure 16, it can be seen that 

variables 7-19 are important for explaining the unique variation of D1 (i.e., the 

variation of D1 that is uncorrelated to the variation of the rest of the data 

blocks), as well as an interesting peak at variable 13. By comparing the MB-

VIOP results to the normalized loadings, it can be seen that the MB-VIOP 

method is very reliable finding the exact variables that are important for the 
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different types of variation of D1. In addition, looking at the variable 13 in the 

normalized loadings plot, it can be seen that the variable was related to the 

two unique components of D1, whist the other variables (7-12 and 14-19) were 

related to only one of the unique components; however, the normalized 

loading plot did not highlight such an important variable (no. 13) in any way. 

Auspiciously, MB-VIOP highlighted the importance of variable 13 (marked in 

dark pink color in Figure 16) as an intense peak standing out from the crowd; 

this variable was also depicted in the total MB-VIOP plot for D1. The total MB-

VIOP plot for D1 is also a proof of the efficiency of MB-VIOP to not lose track 

of any variable, even if it is a lonely variable; as example, variable 13 was 

considered important for the interpretation of the total model, which is 

explained by the fact that this variable explains the double of unique variation 

than the other ones (i.e., a 28.6% instead of a 14.3%).  

 

From the design of the synthetic data set (see Section 4.4.1), it is known that 

for D3 the global variation accounts for the 50% of the total variation, the local 

for the 25%, and the unique for the other 25%. Interestingly, the variables 

related to the global variation were selected as the most important ones for 

the total model (see global and total MB-VIOP plots for D3 in Figure 6), 

leaving out the variables related to variation that was local or unique. Thus, 

the total MB-VIOP plot corroborates the efficiency of MB-VIOP by giving the 

proportionally fair importance to the variables according to the amount of 

variation that they help to explain in the OnPLS model. Furthermore, in the 

total MB-VIOP for D3, the absence of the large amount of variables that were 

important for the unique variation (i.e. variables 15-74 of D3, see unique MB-

VIOP for D3 in Figure 16) enlightened another achievement: it does not matter 

if there is an outsize number of variables that are important for a specific type 

of variation, in case that their importance for interpreting/explaining 

variation in the whole model is not significant enough, they will not be 

considered relevant variables in the total MB-VIOP plot.  

 

4.4.4. Enhancement of the interpretability using MB-VIOP 

   The MB-VIOP results for the marzipan data (see Figure 17) helped to better 

interpret the pattern of information overlapping between the six data 

matrices, which would be a painstaking task if it was done by using the  
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Figure 17: Multiblock-VIOP results for the marzipan data set. The variables determined as 

relevant have been annotated in the unique MB-VIOP plot for the data block NIRS1 according 

to the organic compound of marzipan and/or cocoa that they help to explain. (Paper IV) 
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normalized loadings provided in Figure 17. There is not significant amount of 

local variation in the marzipan data set, thus no important variables for 

explaining it were found by MB-VIOP. In addition, due to the extreme 

dominance of the joint variation over the unique variation, the MB-VIOP 

results for the global components were very similar to the MB-VIOP results 

for the total OnPLS model, as can be seen by comparison of the plots in Figure 

17.  

 

The variables selected as important for the two global components seemed 

to relate to (i) the sugar content (majorly sucrose, but also small amounts of 

invert sugar and glucose syrup), and (ii) the almonds and apricot kernels. The 

unique MB-VIOP plots were related to especial and unique characteristics of 

some marzipan samples and/or some spectrometers. In fact, MB-VIOP found 

that some variables corresponding to the visual light region (i.e. 450-800 nm) 

were relevant for explaining variation only detectable (unique) in NIRS1 data 

block (see unique MB-VIOP plot for NIRS1 in Figure 17), more specifically, 

these variables uncover the presence of cocoa in some of the marzipan samples 

(which can be only be detected by the NIRS1 instrument since it is the only 

one that includes the visual light region in the spectrum). Besides, the 

wavelengths at 1478-1506 nm are important to uncover the variation related 

to the first overtones of the C-H groups of the cocoa, and variables at 1902-

1986 nm explain the variation related to the second overtones of the C=O 

groups of the cocoa (see Figure 17). Hence, a clearly enhanced interpretability 

is achieved by using MB-VIOP. 

 

The MB-VIOP plots for NIRS1 and Bomem (Figure 17) prove that 

comparing the spectra (in our case, the six data blocks) of different 

instruments by using MB-VIOP, differences and similarities can be found and 

interpreted. Furthermore, the IR block also contained important variables 

(Figure 17) linked to unique variation, which could be related to the 

differences between IR and NIR spectroscopy, but also the spectrometer 

components.  

 

Finally, it is worth remembering that a variable importance assessment was 

performed using VIPO2PLS with the marzipan data set in Chapter 3 (see Section 

3.4.3 and Figure 14). By comparing the results obtained using VIPO2PLS to sort 

the variables of the NIRS2 and IR blocks with the results obtained using MB-

VIOP to sort the variables of the six blocks simultaneously, it is inferred that 

the results using MB-VIOP and all the blocks are better. Both VIP approaches 

give similar sorting; however, in the two-block analysis the variables were 

assigned as relevant for the orthogonal (unique) variation of NIRS2 (Paper 

III, Chapter 3) because the absence of the other four blocks made impossible 

to stablish a relationship between the variables of NIRS2 and the variables of 
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the other four blocks, but when the variable assessment was perform in a six-

block multiblock analysis with MB-VIOP, the same variables were selected as 

relevant for explaining variation shared between NIRS2 and the other blocks 

(instead of unique). Hereby, a multiblock approach can improve the variable 

assessment in relation to the two-block combination analysis. 

 

4.4.5. Variable selection using MB-VIOP for dimensionality 

reduction aiming to improved model interpretation 

   From the hybrid aspen OnPLS model, two variable selections using the MB-

VIOP were carried out (one selecting the variables with total MB-VIOP values 

higher than 1 – standard criterion –, and another selection taking the variables 

with total MB-VIOP values higher than 0.5 – more conservative criterion –).   

The MB-VIOP profile used for selecting the variables was the total MB-VIOP 

because the goal was to improve the total model interpretation without 

focusing in any concrete part of the model. Two new reduced OnPLS models 

with only the subset of selected variables were generated, the number of 

variables used in the models and the percentages of total explained variation, 

are summarized in Table 4. 

 

Data OnPLS models 
Number of 

variables used 

Explained total 

variation (%) 

TRANSCRIPT 

Original 14738 74.99 

Total MB-VIOP≥0.5 13124 80.06 

Total MB-VIOP≥1.0 4452 85.16 

PROTEIN 

Original 3132 55.01 

Total MB-VIOP≥0.5 2186 67.26 

Total MB-VIOP≥1.0 683 71.61 

METABOLITE  

Original 280 58.27 

Total MB-VIOP≥0.5 232 65.49 

Total MB-VIOP≥1.0 81 76.17 

 
Table 4. Summary of the number of variables used for the original and the two reduced OnPLS 

models and the percentages of explained total variation for the Hybrid Aspen data.  

   After making a conservative (threshold at 0.5 a.u.) MB-VIOP selection of 

variables and building the reduced model, the model interpretability 

increased an 8.1% (average). When creating a reduced OnPLS model using 

only the variables with MB-VIOP values higher than 1, the OnPLS model could 

explain even more total variation in spite of using less than a third of the 

variables of the original OnPLS model. As described in Table 4, the model with 

reduced dimensions (using MB-VIOP ≥ 1 as criterion for selecting the sub-set 

of variables) explained the 85.2% of the total variation for the transcript data, 

the 71.6% for the protein data, and the 76.2% for the metabolite data. This 

means that, using MB-VIOP, it was possible to substantially decrease the 
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amount of variables (in a third) of the multiblock analysis and, at the same 

time, increase the interpretability (in average, a 14.9% increase of explained 

total variation).  

   Additional MB-VIOP variable selections are provided in tables 2-5 of Paper 

IV for further biological interpretation, going beyond the computation of the 

amount of explained variation, e.g. interpretations related to characteristics 

of the growth processes of the plants, as well as both the genotype and the 

internode effects. The housekeeping-like events, and the differences between 

the instrumentation used to characterize the data in the three different 

platforms, were uncovered by the variables with higher values of unique MB-

VIOP. 

   In order to explore the possibility of finding variables that could explain 

more than one type of variation (i.e. the special cases illustrated in Figure 15), 

it is worth comparing the tables and plots for the unique, local, and global MB-

VIOP values included in Paper IV. For example, in this biological case, the 

variable Win021_C05 of the metabolomics data block helps to explain 

variation that is globally shared by all the data blocks, but also contributes to 

explain variation that is locally shared only between the metabolomics and the 

transcriptomics blocks. Therefore, a variable can contain information related 

to more than one type of variation.  

 

4.5. Conclusions for MB-VIOP 

   Multiblock variable influence on orthogonal projections (MB-VIOP) 

sorts/selects the variables of a large number of data blocks in order to improve 

the model interpretation. This has been validated, tested and evaluated by 

using one synthetic and two real data sets. The results showed that MB-VIOP 

can sort by importance both isolated and ranges of variables in any type of 

data. Furthermore, MB-VIOP can deal with strong overlapping of types of 

variation, as well as with a large number of data blocks with very different 

dimensionality.  

In addition, MB-VIOP connects the variables of different data matrices 

according to their relevance for the model interpretation of each latent 

variable of an OnPLS model. This has been carried out in this Chapter, and 

also in a recent collaboration where MB-VIOP is applied to metabolomics and 

clinical data [157] (Paper VI).  

   MB-VIOP is a variable selection method à la carte that allows to target either 

specific type of variation (global, local, or unique) or the total variation in 
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order to improve the interpretability of a targeted part of the model. The 

methodology consists of performing the importance assessment of the 

variables of the original OnPLS model, select a sub-set the variables according 

to the MB-VIOP threshold, build a new reduced OnPLS model using the sub-

set, and evaluating the improvement of interpretability by looking at the 

model parameters. By using the total MB-VIOP, the enhancement of the total 

model interpretation without focusing in any concrete part of the model is 

possible. The improvement of the interpretation of the unique variation by 

using the unique MB-VIOP is also possible. And the interpretation of local or 

global variation can be improved by using the local MB-VIOP or the global 

MB-VIOP respectively. Hereby, MB-VIOP is a variable selection method à la 

carte according to the part of the model (total, global, local, or unique) 

targeted to be improved.  

   Multiblock-VIOP takes advantage of the full symmetry of the OnPLS model, 

which points at some advantages over the combination of sequential 

multiblock modeling techniques and variable selection methods. In sequential 

multiblock regression, even if the parameters keep the information of all parts 

of the sequence (i.e., other blocks of the multiblock system), the sequential 

approach only allows the weighting of the variables in a unique path 

(sequence) previously established, without any symmetry. Thus, the 

possibility of taking into account shared influences of the variables in other 

combinations, not considered by the pre-established path, is missing. MB-

VIOP uses the symmetry of OnPLS for establishing fairer 

relationships/influences between variables of different blocks iterating over 

all components and all blocks, i.e. considering all combinations. 
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Conclusions and Future work 

PLS-VIP, VIPOPLS, VIPO2PLS, and MB-VIOP, are useful methods for 

improving the model interpretation of their corresponding latent models (i.e. 

PLS, OPLS®, O2PLS®, and OnPLS models), getting a better diagnosis in 

multivariate time series analysis (MTSA), and also as precursors for variable 

selection. PLS-VIP is based on w and SSY ratios; VIPOPLS is based on p 

normalized loadings and [SSX, SSY] ratios; VIPO2PLS is based on p, q, and 

[SSX, SSY] semi-ratios; and MB-VIOP is based on p, SSD ratios, and variable-

connectivity. All of them are model-based variable selection methods, which 

implies that they should be used following the following general 

recommendation: 

 

i. For PLS models, either PLS-VIP or OPLS-VIP can be used. 

ii. For OPLS models, VIPOPLS (approach of Papers I-II) should be 

used, 

iii. For O2PLS models, VIPO2PLS (approach developed in Paper III) 

should be used, 

iv. For OnPLS models, MB-VIOP (approach of Paper IV) should be 

used. 

 

All VIP approaches developed until now aim to improve the interpretability 

of the models. However, prediction and robustness could be also improved by 

reformulating the weighting system with the inclusion of new model 

parameters. This is something that I consider achievable in future work. 

 

   From the results presented in this thesis, it is worth emphasizing the ability 

of the variable influence on projection (VIP) approaches for OPLS, O2PLS and 

OnPLS (Papers I-IV) to uncover the variables that are important for the 

uncorrelated (orthogonal) variation, which cannot be done by PLS-VIP. 

Moreover, the first two multiblock variable selection methods for O2PLS and 

OnPLS have been developed and validated, i.e. VIPO2PLS and MB-VIOP; the 

difference between the uni-block VIP approaches (PLS-VIP and VIPOPLS) and 

the multiblock approaches (VIPO2PLS and MB-VIOP) lies in the ability of the 

latter to sort/select the variables from all blocks rather than only one block.  

 

As pointed in Paper IV, MB-VIOP is a variable selection method à la carte, 

that allows to obtain stronger models (i.e. models with improved 

interpretability) either focusing on improving the interpretation of a specific 

type of variation (unique, local, or global) or focusing on improving the 

interpretation of the total model without targeting any concrete type of 
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variation. This is something that, in the best of my knowledge, was never 

previously done. 

 

   The above achievements entail valuable advantages for industry (e.g. a 

cheaper cost) and research groups (e.g. time optimization, fast and reliable 

variable selection, enhanced multiblock analyses). We envisage the use of MB-

VIOP in fields like chemistry, biology, psychology, economy, physics, 

mathematics, and engineering, inter alia. Since VIPOPLS can be applied to 

OPLS models but also PLS models, it is expected that Multiblock-VIOP could 

be successfully applied not only to OnPLS models but also to multiblock PLS 

(e.g. MB-PLS and hierarchical-PLS) models. This should lead to a more 

reliable and accurate variable sorting/selection in MB-PLS analysis than using 

other methods because of the more efficient and detailed weighting of the 

variables (especially due to the further connectivity ability, and the use of not 

only SSY but also SSX) of MB-VIOP compared to PLS-VIP method applied to 

multiblock analysis. I intend to study the truthfulness of these hypotheses, as 

well as continue the enhancement of the variable selection for OnPLS models, 

in future work. Furthermore, VIP approaches for other multivariate methods 

are also possible adapting the inputs and iterations to a new model formalism, 

as preliminary studies indicate.  

 

MB-VIOP (and the other VIP approaches) is currently using the same 

threshold system than PLS-VIP, which works well and give reliable results. 

However, some improvements for achieving a more sophisticate VIP 

threshold in multiblock analysis could be done by a change in the VIP 

formulation, resulting in a threshold even more “unified” for all blocks. This 

would open new visualization opportunities, as well as new interpretation 

possibilities. Some studies have been recently done about this, and it is 

expected present results about this in the near future.  
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