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ABSTRACT

ROQUIE, Jussara Valente, D.Sc., Universidade Federal de Vigosa, August, 2019. New Features
of Ordered Predictors Selection for Multivariate Regression and Classification. Advisor:
Reinaldo Francisco Teoéfilo. Co-advisor: Luiz Alexandre Peternelli.

New variable selection methods for multivariate regression and classification based on ordered
predictors selection (OPS) were developed in this work. Initially, the new OPS strategies for
regression were developed and applied to the six datasets used in the original OPS paper to
compare their prediction performances. After that, twelve new datasets were used to test and
compare the new OPS approaches for regression with other variable selection methods, genetic
algorithm (GA), the interval successive projections algorithm for partial least squares (iSPA),
and recursive weighted partial least squares (rPLS). Simulated datasets were used to evaluate
the computational performance of variable selection methods, being then the new OPS
approaches for regression, GA, iSPA, and rPLS. All methods were evaluated by using a central
composite design varying the matrix dimensions of simulated datasets and the number of latent
variables. For classification, OPS methods for feature selection in the discriminant analysis
(OPSDA) were developed. OPSDA methods were applied to three datasets with different
numbers of classes, and classification models were built using different classification methods.
The new OPS approaches for regression outperformed the first OPS version and the other
variable selection methods. Results showed that in addition to higher predictive capacity, the
accuracy in the selection of expected variables is highly superior with the new OPS approaches
for regression. The computational performance of OPS approaches was mainly influenced by
the number columns of the data matrix, as well as the GA. On the other hand, i{SPA and rPLS
were mainly influenced by the number of rows. In classification, the OPSDA methods provided
the best set of selected variables to build more predictive models using different classification
methods. Besides, they could be applied to classification problems, independent of the number
of classes. Overall, the new OPS methods provided the best set of selected variables to build
more predictive and interpretative regression and classification models. The new OPS methods

proved to be efficient for variable selection in different types of datasets.

Keywords: Variable Selection, Multivariate Regression, Supervised Pattern Recognition.



RESUMO

ROQUE, Jussara Valente, D.Sc., Universidade Federal de Vigosa, agosto de 2019. Novas
abordagens da selecio dos preditores ordenados para regressio multivariada e
classificacdo. Orientador: Reinaldo Francisco Teo6filo. Coorientador: Luiz Alexandre
Peternelli.

Neste trabalho foram desenvolvidos novos métodos de selecdo de variaveis para regressao
multivariada e classificagdao baseados na sele¢ao dos preditores ordenados (OPS). Inicialmente,
novas estratégias do OPS para regressdo foram desenvolvidas e aplicadas nos seis conjuntos de
dados usados no artigo original do OPS. Em seguida, doze novos conjuntos de dados foram
usados para testar e comparar as novas abordagens do OPS para regressdo com outros métodos
de selecao de varidveis, como o algoritmo genético (GA), o algoritmo de projegdes sucessivas
em intervalos para quadrados minimos parciais (iSPA) e quadrados minimos parciais
ponderados recursivos (rPLS). Conjuntos de dados simulados foram usados para avaliar o
desempenho computacional de métodos de selegdo de variaveis, sendo eles as novas abordagens
OPS para regressao, GA, iSPA e rPLS. Esta andlise foi realizada usando um planejamento
composto central variando as dimensdes dos dados simulados e o nlimero de varidveis latentes.
Para classificagdao, foram desenvolvidos novos métodos OPS para andlise discriminante
(OPSDA). Diferentes métodos de classificacdo foram usados para construir modelos. Os
métodos OPSDA foram aplicados em trés conjuntos de dados com diferentes numeros de
classes. As novas abordagens do OPS para regressdo selecionaram varidveis que
proporcionaram a constru¢cdo de modelos mais preditivos que a primeira versao OPS e que os
outros métodos de selecdo de varidveis. Os resultados mostraram que, além de maior
capacidade preditiva, a exatiddo na selecao das variaveis interpretativas foi superior com os
novos métodos OPS para regressdo. O desempenho computacional desses métodos foi
influenciado principalmente pelo numero de colunas da matriz de dados, bem como para o GA.
Por outro lado, o iSPA e rPLS foram influenciados principalmente pelo nimero de linhas. Os
métodos OPSDA forneceram o melhor conjunto de varidveis selecionadas para construir
modelos mais preditivos usando diferentes métodos de classificacdo, independentemente do
numero de classes. No geral, os novos métodos OPS forneceram o melhor conjunto de variaveis
selecionadas para construir modelos de regressdo e classificacdo mais preditivos e
interpretativos, provando serem eficientes para selecdo de variaveis em diferentes tipos de
conjuntos de dados.

Palavras-chave: Sele¢do de variaveis, Regressdo multivariada, Reconhecimento de padrdes

supervisionado.
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Guidelines

GUIDELINES

This thesis is about an upgrade of the ordered predictors selection (OPS), which is a
method of variable selection, and it is divided into four chapters. The outline of this work is as
follows. Chapter I is a brief description of partial least squares (PLS) algorithms and an
overview of variable selection. Chapter II describes three new OPS methods to apply variable
selection in multivariate regression: automatic OPS (autoOPS), feedback OPS (feedOPS), and
interval OPS ({OPS). Chapter III presents a study about the computational running time of
variable selection methods. In Chapter IV, new OPS methods to select variables in discriminant
analysis (OPSDA) is presented, covering three approaches: automatic OPS for discriminant
analysis (autoOPSDA); feedback OPS for discriminant analysis (feedOPSDA), and interval
OPS for discriminant analysis ({OPSDA).
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GENERAL INTRODUCTION

Multivariate statistical methods have been increasingly used in chemistry in the last 25
years, due to the greater availability of analytical instruments, software, and computers [1].
Multivariate regression and pattern recognition are the major areas of chemometrics related to
analytical chemistry and they are widely used in chemical problem solving [2]. The first one
describes the quantitative relationship between the dependent and independent variables [3,4].
The second depends on what is known a priori. When no information about samples grouping
is required, the methods are called unsupervised pattern recognition. On the other hand, when
the group assignments are known (classes), the methods are named supervised pattern
recognition or classification methods. There are several multivariate regression and supervised
pattern recognition methods available in the literature. However, two methods were used in this
work, being then partial least squares regression (PLS) and its variant partial least squares for
discriminant analysis (PLS-DA).

PLS and PLS-DA can deal with a large number of highly correlated independent
variables, band overlaps, and experimental noise [5,6]. However, in some situations, the models
cannot provide a satisfactory prediction or classification. For this reason, there are several
approaches to search for the most significant variables in both regression and classification
problems. Variable selection has become a fundamental tool in many different research areas.
It reduces data dimensionality, minimizing the influence of irrelevant variables, improving the
model’s quality, and simplifying its interpretation [3,7]. Several feature-selection methods [8—
13] have been applied in several works in the literature [14-21]. Nevertheless, most selection
methods are not generalized or efficient for all types of datasets. Different analytical techniques
provide distinctive predictor types, and each technique has some well-defined peculiarities [22].

Tedfilo et al. presented in 2009 the first version of the ordered predictors selection (OPS)
method [22], with the advantage of being simple and efficient for the selection of any variable
type, and it has its potential recognized in the literature [23—-25]. However, the original OPS
method was projected to select variables to build only regression models. It is limited to just
one variable selection run, which turns out to be limitations of the original version when
searching for the best set of variables. Therefore, the main goal of this work was to make a
more versatile OPS, developing new OPS methods for regression and discriminant analysis.

The specific aims of this work are:

e To develop three new OPS approaches for multivariate regression;

Roque, J.V.
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To compare the new OPS approaches with the first version of OPS algorithm (OPSv1);
To apply the new OPS approaches in several types of dataset (sparse or non-sparse);
To compare the new OPS approaches with other variable selection methods;

To evaluate the computational running time of the new OPS approaches;

To develop new OPS methods for discriminant analysis (OPSDA);

To apply the OPSDA in several datasets with different numbers of classes;

To build classification models using different methods with the selected variables by

OPSDA.
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Partial Least Squares

In chemometrics, the partial least squares (PLS) is a consolidated statistical tool for
modeling the linear relationship between multivariate measurements [1,2]. PLS is a method to
predict a set of dependent variables (Y) from a set of independent variables or predictors (X)
[3]. PLS regression finds a linear model by projecting X and Y data into a new space. This
method will try to find the multidimensional direction in the X space that explains the maximum
multidimensional variance direction in the Y space [4], i.e., a latent variable approach to
modeling the covariance structures in these two spaces [3]. Because of this, the PLS approach
is known as bilinear factor model [1,4].

Partial least squares for discriminant analysis (PLS-DA) is a variant used when the Y
variable is categorical [5].

PLS is particularly suited when the matrix X has more variables than observations, i.e.,
more columns than rows [6,7]. The great advantage of PLS is to analyze data with numerous
X-variables strongly collinear, noisy, and simultaneously model several response variables
[8,9], enabling the application to several types of datasets. PLS has been successfully applied
to the quantitative analyses in a series of chemical data such as ultraviolet [10], near-infrared
[11-14], mid-infrared [15], nuclear magnetic resonance [16], chromatographic [17-19],
quantitative structure-activity / structure-property relationship [20-22], electrochemical [23],
X-ray fluorescence [24], and laser-induced breakdown spectroscopy [25].

The pioneering work in PLS was originated by Herman Wold (1975) in econometrics
field. Around 1980, the chemometric version of PLS was developed by Svante Wold, Herman
Wold’s son and Harald Martens to better suit to data from science and technology. This
modified method shows to be useful to deal with complicated datasets where ordinary
regression was difficult or impossible to apply [1].

The regression problem is one of the most common data-analytical problems in science
and technology, i.e., how to model one or several dependent variables, responses, Y, employing
a set of predictor variables, X [1]. PLS regression builds a regression model in a single step,
which both information of X and Y are considered during the data decomposition and
compression. In this step, each latent variable is obtained by maximizing the covariance
between the X and Y scores [9]. In this thesis is referred only to PLS1 regression with only one

dependent variable in Y, i.e., y.

Roque, J.V.



28

Chapter I: Literature Review

A common question is why PLS is a “partial” least squares regression. This term has been
referred to as iterative, focusing on the iterative nature of the procedure of estimating weights
and latent variables [2,26]. The first use of the term PLS occurred referring to nonlinear iterative
partial least squares (NIPALS) estimation procedure [27]. From this, the term "partial" has its
roots in the NIPALS procedures, which implemented the idea that the model parameters can be
estimated in parts [28].

About PLS calculations, several variations of PLS algorithms were developed over the
years. Among the most used NIPALS [2,29], SIMPLS [30] and the bidiagonalization algorithm
[31,32], that are described in the following sections.

Notation

Matrices are represented by bold upper-case letters (A, B, C), vectors by bold lower-
case letters (a, b, ¢), and scalars by italic lower-case letters (a, b, c). Superscripts , !, and *
represent transpose, inverse, and Moore-Penrose generalized inverse operations, respectively.

The Euclidean norm of a is denoted by||a|. The identity matrix is represented as I. The

independent variables are designed as X (nxm), where each row contains the measurement for
a given sample, and each column the measurement for a given variable. For each sample, there
is a dependent variable y, which is represented by a column vector y (nx1).

NIPALS

The NIPALS [2,29] was the first algorithm used in PLS regression, and it can be
summarized as follows:
For i =1, 2, ..., h latent variables, calculate w (weights for X), t (scores for X), ¢

(loadings for y), and p (loadings for X):

w, =X'y/y'y (L.1)
w,=w,/|w,|| (I.2)
t. = Xw, (L.3)
p, =X't, /tt, (L4)
g, =y't, /tt, (15)

Deflate X and y by subtracting the computed latent vectors:
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X=X-tp; (1.6)

y=y-tgq (1.7)
After deflating steps, w, t, ¢, and p will be calculated for the next latent variable by
equations (I.1) to (I.5) until achieve i = A.
Store W=(w,,...,w,),T=(t,....t,),P=(p,,....p,).q=(q,,-...q,), and the regression
coefficients can be calculated as:

b=W'(PW) g (1.8)
SIMPLS

The SIMPLS algorithm was developed by De Jong [30] with the advantage that is not
necessary to deflate X or y. This algorithm is initialized computing s:

s=X'y (1.9)

Fori=1,2, ..., h latent variables, calculate r (weights for X), t (scores for X), ¢ (loadings
for y), and p (loadings for X):

r,=s (I1.10)
t, = Xr, (L11)
t=t/|t] (1.12)
r=r/r] (113)
p, =X, (I.14)
q; = ytti (I.15)

Store R:(r19'"9rh)’T:(tla‘--ath)aP:<p19---aph)9q:(qla-"’qh) and projeCt § on a

subspace orthogonal to P:

s=s—P(P'P)'s (I.16)

After the projection step, r, t, g, and p will be calculated for the next latent variable by
equations (I1.10) to (I.15) until achieve i = . The last step calculates the regression vector:

b=Rg (1.17)
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BIDIAGONALIZATION
The bidiagonalization algorithm [31,32] consists of writing any X matrix as:
X =URYV' (1.18)

where U and V are matrices with orthonormal columns, and R is a bidiagonal matrix. In
the bidiagonal algorithm the y is incorporated in decomposition of X.

Initialize the bidiagonalization algorithm for the first latent variable:

v =Xy/[Xy (1.19)

u, = Xv, /|[Xv,| 1.20)

o, =[[Xv| (121)
Store V=v, and U =u,.

y=y-u(my) (1.22)

After the deflating y in equation (I.22), u and v vectors, a and vy left and right diagonal

elements, respectively, can be calculated for i = 2, ..., 4 latent variables:

v, =Xy/|Xy (1.23)
u, = Xy, (1.24)
Vi =U'y, (1.25)
u, =u,~U(U'n)/|u, - U(U'w,)| (1.26)
o, = [u,~U(U'w,)| (1.27)
y=y-u,(uy) (1.28)
al 7/1
Store V:(Vl,...,vh), U:(ul,...,uh)and R= )
Qo Ve
a,

After the deflating step (1.28), u, v, a, and y will be calculated for the next latent variable
by equations (1.23) to (1.27) until achieve i = A.
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In bidiagonalization decomposition, UR is the scores matrix and V' is the loading matrix.
A compact formulation of the solution of y = Xb may be given as:

b=X'y (1.29)

Because U'U=V'V =1, the R can be written as R = U'XV , and the Moore-Penrose

generalized inverse can be obtained as:
X' =VR'U (1.30)

With the orthogonal decomposition in equation (I.18) one may thus obtain the regression
coefficients from (1.29) and (1.30) as:
b=VR 'Uy (1.31)

Variable Selection

Multivariate models, such as PLS, have been developed for quantitative or qualitative
analysis of data because of their ability to reduce the impact of common problems such as
collinearity, band overlaps, and interactions. However, data that contains irrelevant features can
negatively influence the regression models. Having irrelevant features in data, like noise
variables, it can decrease the accuracy of the models and make the model learn based on
irrelevant features. Therefore, removal of the variables in which the noise dominates over the
relevant information often leads to better accuracy and performance of the multivariate models.
This procedure, called feature or variable selection, has become a necessary method in different
domains, because of the increasing dataset dimensions [33-36].

Variable selection is a process to select a subset of relevant features, variables, or
predictors, which contribute to improving the model's performance. The main goal is to identify
a subset of variables that produce the smallest possible errors when used to perform operations
as making quantitative determinations or discriminating between different samples [34,37].
Besides, by selecting a relevant number of features from a dataset, not only a better fitting, a
better predictive and simpler model can be built, but also knowledge about the most important
variables can help in the interpretation [36]. This approach is considered an important pre-
processing procedure in chemometrics, which is widely used to improve the performance of
various multivariate methods and algorithms, such as regression and classification methods
[33].

There are numerous suggested methods for variable selection in the literature of data

analysis and statistics, and it is a challenge to stay updated on all the possibilities. Table 1.1
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presents some examples of variable selection methods described in the literature based on
different criteria and selection mechanisms. Feature selection techniques can be categorized
into three classes based on how they combine the selection algorithm and the model building:
filter, wrapper, and hybrid or embedded methods [36,37].

Filter techniques are unsupervised methods based only on general features like the
correlation with the variable to predict, which reduce variables into a smaller set based on a
specified criterion. First, a multivariate model is built, and second, the variable selection is
carried out using a simple threshold. Usually, filter methods are fast and easy to compute, but
they tend to select redundant variables since they do not take into account the collinearity
between variables [33,37].

Table I.1. Variable selection methods and their classification according to how they combine
the selection algorithm and the model building.

Method Reference Category
Recursive Partial Least Squares (rPLS) [38]
Successive Projection Algorithm (SPA) [39-41] Filter
Variable Importance in Projection (VIP) [42]
Interval Partial Least Squares (iPLS) [43]
Uninformative Variable Elimination (UVE) [44] Wrapper
Genetic Algorithm (GA) [45-49]
Ordered Predictors Selection (OPS) [50,51]
Interactive Variable Selection (IVS) [52] Embedded
Soft-Threshold PLS (ST-PLS) [53]

Wrapper methods are based on an optimization criterion to select variables with a double
iterative procedure where outer iterations for variable selection and inner iterations of model
refitting works iteratively [54]. These methods evaluate subsets of variables which allows
detecting the possible interactions between variables. However, they usually spend an intensive
computational time and are subject to the risk of overfitting [37].

A method can be called hybrid or embedded when both filter and wrapper methods are
used together in selecting a set of relevant variables [36,55]. The variable selection step is an
integrated part of a regression algorithm based on one iterative procedure. Then, the embedded

methods are typically less time consuming than the wrapper methods [36,37,55].
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Variable selection has proven to be a versatile tool for multivariate data analysis and the
number of applications coupled with PLS in research fields like statistics, computer science,
analytical ~ chemistry, instrumentation is shown in  Figure L1  (source:
www.webofknowledge.com with search keywords ("variable selection" or "feature selection")

and "partial least squares").
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multidisciplinary
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Figure I.1. Tree map chart of variable selection publications in Web of Science categories
referent to a total of 13510 publications (accessed July 10, 2019).

Besides that, in Figure 1.2 (source: www.webotknowledge.com with search keywords
("variable selection" or "feature selection") and "partial least squares") the number of
publications using variable selection with PLS is steadily increasing over the years, showing

the importance of this approach.

1600

Publications

1995 1998 2001 2004 2007 2010 2013 2016 2019

Years

Figure 1.2. Bar plot with the publications about variable selection over the years of 1995 and
2019 in Web of Science database ((accessed July 10, 2019).
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Although there are several algorithms for feature selection, new methods have been
developed and disseminated aiming a better prediction, both in regression and classification.
However, most of the variable selection methods are not generalized and efficient for all types
of variables. For example, in chemistry, several analytical techniques provide different types of
predictors, and each one presents well-defined characteristics and peculiarities [51]. In this
context, this work was based on developing a more versatile variable selection method, the
ordered predictors selection for regression and classification, expanding its worldwide use and

applicability.
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Abstract

New strategies of ordered predictors selection (OPS) were developed in this work,
making this method more versatile and expanding its worldwide use and applicability. OPS is
a recognized method to select variables in multivariate regression and is used by analytical
chemists and chemometrists. It shows high ability to improve the prediction of models after the
selection of a few and important variables. At the core of OPS is sorting variables from
informative vectors and systematically investigating the regression models to identify the most
relevant set of variables by comparing the cross-validation parameters of the models.
Nevertheless, the first version of the OPS method performs variable selection using only one
informative vector at a time and is limited to just one variable selection run. Then, three new
strategies were proposed. First, an automatic method was developed to perform variable
selection using several informative vectors and their combinations. Second, the feedback OPS
is presented, in this new strategy the pre-selected variables would return to a new selection.
Last, a method to apply OPS in full array subdivisions called OPS intervals was established.
Initially, the new strategies were applied in the six datasets used in the original OPS paper to
compare the prediction performance with the new OPS algorithms. After that, twelve new
datasets were used to test and compare the new OPS approaches with other variable selection
methods, genetic algorithm (GA), the interval successive projections algorithm for PLS (iSPA),
and recursive weighted partial least squares (rPLS). The new OPS approaches outperformed
the first OPS version and the other variable selection methods. Results showed that in addition
to greater predictive capacity, the accuracy in the selection of expected variables is highly
superior with the new OPS approaches. Overall, the new OPS provided the best set of selected
variables to build more predictive and interpretative regression models, proving to be efficient

for variable selection in different types of datasets.

Keywords: Multivariate regression; feature selection; chemometrics; informative vector;

prediction power.
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Introduction

Multivariate regression models describe the relationship between the dependent and
independent variables when more than one measurement is acquired for each sample [1,2].
There are several multivariate regression methods, such as multiple linear regression (MLR),
support vector machine regression (SVMR) and partial least squares regression (PLS).
However, the latter is the most commonly used for building first order inverse regression
models from data of chemical origin [3].

PLS regression can deal with a large number of highly correlated independent variables,
band overlaps, and experimental noise [4,5]. Also, it enables simultaneous modeling and the
prediction of more than one analyte [2,3]. However, in some situations, the models cannot
provide a satisfactory prediction. This may occur because not all variables are equally essential
and variations in the concentrations of the chemical components of interest present in the
sample do not cause the same change in all variables [6]. Also, there are non-linear and low
signal-to-noise ratio regions that might affect the model. This evidence indicates that the proper
selection of variables can significantly improve the efficiency of the multivariate regression
model, in addition to making it simpler for interpretations [1,6].

Variable selection is a significant step in multivariate regression, and it has become a
fundamental tool in many different research areas. This is because of increased database
dimensions, meaning that some variables may be redundant, irrelevant or represent noise
[2,6,7]. Models built after the removal of non-informative variables will produce better
predictions, a better interpretation with the selection of markers or biomarkers, lower
measurement costs through the use of portable instruments, and a decrease in data processing
time [1,6].

Several feature-selection methods [8—11] have been applied in several works in the
literature [12—16]. Nevertheless, most selection methods are not generalized or efficient for all
types of datasets. Different analytical techniques provide distinctive predictor types, and each
technique has some well-defined peculiarities [17]. In 2009, Teoéfilo et al. presented first version
of the ordered predictors selection (OPS) algorithm [17], with the advantage of being simple,
fast and efficient for the selection of any variable type. Since the publication in 2009, the OPS
method has had its potential recognized in the literature [7,18,19], showing a high ability to
improve the prediction of multivariate regression models with few variables [15,20,21].

However, the original OPS algorithm performs the variable selection using only one
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informative vector at a time and is limited to just one variable selection run, which turn out to
be limitations of the original version when searching for the best set of variables.

Therefore, the aim of this work was to make a more versatile OPS, expanding its
worldwide use and applicability. The development of three new OPS approaches was proposed:
i) automatic OPS (autoOPS), which automatically performs all calculations using either or both
informative vectors and its combinations, so the best one is chosen; ii) feedback OPS
(feedOPS), wherein the pre-selected variables would go through a new selection run; and iir)
interval OPS (iOPS), the option to apply OPS in subdivisions of the full array. The new OPS
algorithms were developed to be easily understood and executed. Besides that, the algorithms
were applied to several types of dataset (sparse or non-sparse), with the proposal to select
interpretive variables with greater predictability, and high reproducibility, i.e., selecting the

same set of variables when executing the selection more than once.

Theory Backeround

Model evaluation

Regression models were evaluated using statistical parameters such as the root mean
square error (RMSE) and correlation coefficient (R), according to equation (II.1) and equation

(I1.2), respectively.

Im
RMSE = [ (v, 3,)" /Im (IL1)

R=Y(3:-7);-) / \/Z(ﬁi -5)? \/Z(yl- -7)? (11.2)
i=1 i=1

i=1

where y; and y; are measured and predicted values for each i sample, respectively. The ¥ is the
y values average. When calibration is used, /, represents the number of samples in the
calibration set, and the error and correlation coefficient are the root mean square error of
calibration (RMSEC) and the correlation coefficient of calibration (R.), respectively. When
internal cross-validation (CV) is used, I, represents the number of samples in the cross-
validation set, and the error and correlation coefficient are the root mean square error of cross-
validation (RMSECYV) and the correlation coefficient of cross-validation (Rcv), respectively.

When external validation is used, /,, represents the number of predicted samples (P) and, in this
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instance, the error and correlation coefficient are the root mean square error of prediction
(RMSEP) and the correlation coefficient of prediction (Rp), respectively.
OPS theory

The OPS method is based on obtaining an informative vector containing information
about the best independent variables for prediction. This informative vector can be obtained of
several ways from calculations performed with X matrix columns (independent variables) and
dependent variables (y), and its length is equal to the number of independent variables. The
original OPS method calculates informative vectors using the regression coefficients (REG),
the correlation between each column of matrix X with y (COR), residual information of the
reconstructed matrix with / latent variables (SQR), variable importance on projection (VIP),
net analyte signal (NAS), and covariance procedures (COV). Details about these vector
calculations can be found elsewhere [17].

After obtaining an informative vector, the independent variables of X matrix are
differentiated according to their corresponding absolute values in the informative vector. The
highest absolute value corresponds to the more important independent variable, and the
differentiated variables are sorted in descending order of absolute values magnitude.
Multivariate regression models are built and evaluated using cross-validation approach. An
initial subset of variables (window) is defined to build and evaluate the first model. After, this
initial subset is extended by the addition of a fixed number of variables (increment) over the
window, and a new model is built and evaluated. Further increments are added until all or a
percentage of variables are taken into account, and cross-validation parameters are calculated
for each model. Lastly, the variable subsets are compared using the quality parameters
calculated during validations, and the best variable subset is defined [17]. Figure 1.1 shows a
general scheme for the original OPS algorithm.

Core algorithm

The core algorithm of the OPS method consists of the following steps.

calculate an informative vector;

sort in descending order the absolute values of the informative vector and store the sorting
index;

sort X variables considering the previous sorting index;

define an initial number of variables (window) to be investigated in the ordered X array;

define a fixed number of variables to be added over the window (increment);
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build multivariate regression models starting with the initial window and then its extension
by addition of increments;

store the index of the variables investigated in each subset (window plus increment);

store cross-validation parameters of each model built by each subset;

choose the best set of variables based on cross-validation parameters.

Full independent variables (2) Differentiated variables (3) Ordered variables

1)
ATRY T TR 1 T

Informative vector

(5) Increments

~,  (7)Selected variables

____________________

e ] ]

) |—>Initial window of I I I
variables (6 |—> Cross-validation
parameters

Figure I1.1 General scheme of variable selection steps using OPS algorithm. (1) Informative
vectors are obtained; (2) the data matrix is differentiated in according to the corresponding
absolute values of the informative vector elements; (3) the differentiated variables are sorted in
descending order; (4) an initial subset of variables (window) is defined to build and evaluate
the first model; (5) this initial subset is extended by the addition of a fix number of variables
(increment) over the window, and further increments are added until all, or some percentage of
variables are taken into account; (6) cross-validation parameters are calculated for each model;
(7) the variable subsets are compared using the quality parameters calculated during validations,
and the best variables subset is defined. The different colors represent the weight of the
variables and were randomly assigned.

Automatic OPS (autoOPS)

The choice of informative vector is a critical step in the OPS method. Then, the automatic
OPS was proposed to perform all steps of variable selection using several informative vectors
and provided the best results. In the new approach autoOPS, beyond the six informative vectors
calculated in the original OPS, two new vectors were used, being the univariate regression

between each column of matrix X with y (URXY), and the vector of weights (WGHT) obtained
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by the NIPALS [22] (nonlinear iterative partial least squares) algorithm. The URXY vector
contains the information about the regression coefficient obtained by each j column of X (x;)
with y response and the difference between the measured and predicted y. This vector can be

calculated as follows:
Nt “1_¢

bj —(xjxj) X,y
V. =x.b.

Yim X ! (IL.3)
€y; Y-y,

urxy;; =b;(2)/(ey'ey ;)

A univariate regression (y = xb) is performed using each predictor x; and y. The regression
coefficients b (a vector with two elements, being the intercept and slope, respectively) are
obtained by inverse least squares. The residue (ey;) between the predicted ¥ and y is calculated,
and the URXY value of each variable (urxy;) is subsequently obtained by ration between the
second element of b (slope) and the residual sum of squares. A high amount of URXY indicates
that the corresponding variable should contain valuable information for the model as the residue
for this variable presents a small value.

Besides the individual vectors (eight options, six from the original version of OPS and
two new ones), their binary combinations (twenty-eight combinations) and the product of all
individual vectors simultaneously (PRODALL) can also be used to search the best set of
variables for prediction. All vectors are transformed into absolute values, and the infinite norm
was applied. The norm was not applied on COR informative vector. The summary of all
informative vectors is shown in Figure I1.2.

The new approach performs the selection using one of the following vector input options:

1. Single vector, i.e., only one of the thirty-seven vectors (eight individual, twenty-eight
binary combinations and the PRODALL shown in Figure I1.2 as the colored boxes).

2. Main vectors, i.e., all eight individual vectors simultaneously (vectors placed on the
dashed rectangle in the left side of Figure I1.2).

3. Interaction vectors, i.e., all twenty-eight binary combinations of two individual vectors
(colored ones above the main diagonal line) plus PRODALL (the top row of Figure
I1.2) simultaneously.

4. All vectors, i.e., the main and interaction vectors options simultaneously.
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In these options, when more than one vector is initialized in the OPS algorithm (options
2, 3, and 4), the correspondent vectors are used. Based on cross-validation parameters, the best

vector is chosen to perform variable selection.
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Figure I1.2 Summary of all informative vector options to be used in new OPS algorithms for
variable selection. REG: regression coefficients; COR: correlation between each column of
matrix X with y; SQR: residual information of the reconstructed matrix with /4 latent variables;
NAS: net analyte signal; VIP: variable importance on projection; URXY: univariate regression
between each column of matrix X with y; WGHT: weights; COV: covariance procedures;
PRODALL: the product of all single vectors simultaneously.

The aim is to find the best variable subset to build predictive multivariate regression
models. Thus, a selection criterion (sc) was defined to choose the vector, which is shown in
equation (11.4).
s¢; = RMSECV; | Rcy . (11.4)

where RMSECV to Reyratio of each vector i, it is obtained and the vector that shows the lowest

sc is chosen. Therefore, the set of variables selected is used to build the final model.
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Particular attention should be given to the number of latent variables used in OPS
algorithms. Firstly, the number of latent variables (AMod) used to build the model was
determined based on RMSECV values obtained by cross-validation procedure. In addition, some
informative vectors, as REG, SQR, VIP, NAS, and WGHT, require a number of latent variables
to be obtained. However, sometimes, ZMod is not able to generate an informative vector with
quality for variable selection. Therefore, to find the best number of latent variables for OPS
(hOPS), a study using the full dataset is performed by increasing the number of latent variables
of the model, starting from the pre-determined 2ZMod, and carrying out the variable selection
up to a given number of latent variables. Then, varying the ZMod value, the ZOPS is chosen
based on the smallest RMSECV value. Hence, two types of latent variables are employed in the
OPS algorithm, one representing the number of latent variables for model building (#Mod) and
the other employed to generate the REG, SQR, VIP, NAS, and WGHT informative vector in
OPS method (AOPS).

autoOPS algorithm

The algorithm autoOPS consists of the following steps.

choose k informative vectors to be studied;
fori=1tok
calculate the i informative vector;
run the core of OPS algorithm using the i informative vector;
store the i set of selected variables;
apply equation (11.4);
store sci;
end

the lowest sc indicates the informative vector that selects the best set of variables.

Feedback OPS (feedOPS)

The feedOPS has the purpose of applying feedback in the OPS algorithm, wherein pre-
selected variables can return to a new selection run until specific criteria are achieved (Figure
I1.3). This new strategy works in a loop constrained by one or more rule; when one of them is
attained the loop stops.

In feedOPS, RMSECYV was taken as a reference parameter. Convergence is achieved when
in two consecutive selection runs, the relative difference (vd) (equation (IL.5)) is less than an rd

value defined or when the RMSECYV value increases instead of decrease. Thus, the previous
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loop is taken as the best selection. Besides that, the maximum number of selection runs can be
defined. Therefore, the last loop is considered the best selection. In each selection run, the

autoOPS is applied to provide the best informative vector.

rd = RMSECV, —~ RMSECV,_; | RMSECV (IL5)

where 7 is the number of selection runs.

Best informative

vector

Selected variables Selected variables

[l il 1
(Selection run: n-1) | (Selection run: n)
PLS model: OPS selection [ PLS model:

RMSECV,, run RMSECV,

Figure I1.3 Scheme of the feedOPS algorithm where the pre-selected variables return to a new
selection run until specific criteria are achieved. RMSECV: root mean square error of cross-
validation, n: loop counter.

feedOPS algorithm

The algorithm feedOPS consists of the following steps.

define convergence criteria (vd and / = max number of loops);
n=1;
while rdcaic > rd orn <
run autoOPS algorithm;
store RMSECV ), of the selected informative vector,
% The RMSECYV of full X matrix was used to compare with RMSECYV in the first loop.
calculate rdcaic (equation (IL.5));
if RMSECV, — RMSECV,.1>0
break.
end
n=nt1;
end

obtaining the final set of selected variables.
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OPS Intervals (iOPS)
In this new approach, the OPS is applied in subdivisions of the full array. This search
strategy is called OPS intervals ({OPS) and is showed in Figure 11.4.

Full independent variables (4) Selected variables

@ 3

Selected variables
(1)|—> Subdivisions of full of each interval
array

Figure I1.4 Scheme of iOPS algorithm where the variable selection is performed in each
interval; subsequently, these selected variables are ordered, and a new selection is performed
to find the best set of variables. (1) The array is subdivided; (2) autoOPS or feedOPS is applied
in each interval; and a new matrix is created with the selected variables in each interval (3)
autoOPS or feedOPS is applied in the new matrix; (4) the best set of variables is reached.

Firstly, the number of variables in each interval is defined. The entire array is subdivided,
and the variable selection is performed. In each interval, the autoOPS or the feedOPS is applied.
This step is mainly used to reduce the number of variables in each interval. The intervals
comprising only the selected variables will be merged into a new matrix and a new variable
selection will take place considering predetermined window and increment. The autoOPS (or
feedOPS) is applied in the new array, and the best set of variables is reached.

iOPS algorithm

The algorithm iOPS consists of the following steps.

define the number of variables in each interval (at least 50);

apply autoOPS or feedOPS algorithm in each interval;

find the best set of variables for each interval;

create a new array containing the selected variables in each interval;
apply autoOPS or feedOPS algorithm in the new array;

obtaining the final set of selected variables.

% We nickname this algorithm of créme de la creme.

Once all new approaches have been explained, Figure I1.5 shows a chart that represents
the options to apply the new OPS algorithms and summarizes the names of different options of

OPS algorithm application.
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Each new approach combined with each vector option generates sixteen ways to apply
the OPS. For example, using autoOPS with a single vector, the option is called autoS. The
feedOPS with the main vector option is named feedM. The application of i{OPS with autoOPS

and all vectors option is called iautoA.
autoOPS JfeedOPS
autoS autoM autu[ﬂl auloA
; - P
. T |

vector

autoOPS JfeedOPS

jautoS  |iautoM  7autoli iautoA
ifeedS __ lifeedM lifeedl ifeedA

Al A4
Main Inter All
vector vector vector

Figure I1.5 Scheme of the new OPS algorithms (autoOPS, feedOPS, and iOPS) combined with
the four vector options. Names of OPS options derived by the combination of new OPS
approaches with all vector options are arranged in the lines for the arrows.

Single
vector

Experimental

The OPS algorithms were written in function .m to MATLAB 2019a (Math Works,
Natick, USA) and are fully authorial (available at www.deq.ufv.br/chemometrics). This section
is about the validation of the new approaches of OPS (autoOPS, feedOPS, and iOPS). Initially,
the new approaches were applied in the six datasets used in the original OPS paper [17] to
compare the prediction performance with the new OPS algorithms. Then, twelve new datasets,
comprising different types of data, were used to compare the performance of the new OPS
approaches with other variable selection algorithms used by chemometrists, i.e., genetic
algorithm [10] (GA), intervals successive projections algorithm for PLS [8] (iSPA), and
recursive weighted partial least squares [11] (rPLS). All calculations were performed in
MATLAB environment.

Modeling

The six datasets studied in the original OPS paper were used to build PLS models using
variables selected by the new OPS approaches (autoOPS, feedOPS, and iOPS). They were
tested using all vectors, the most complete OPS option. The calibration and prediction sets were

the same used in the original paper [17]. In addition, the method leave-N-out cross-validation
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was applied, where N was set as 10% of the total sample number in the training set. The range
calibrated, the size of calibration and prediction sets, and the pre-treatment performed in each
dataset can be found elsewhere [17]. The new OPS algorithms were applied using different
windows and increments of variables for each dataset, and 100% of variables were tested. In
feedOPS, a minimum difference of 2% between two consecutive RMSECVs and a maximum
number of ten loops were set as convergence criteria. In JOPS, when the feedOPS option was
used to run the selection, the convergence criteria were the same as used in feedOPS. The full
matrix was divided into intervals of 10% of the its size, limited in at least fifty variables.
Additionally, #/OPS was calculated for each interval in /OPS.

Twelve new datasets were used to build PLS models using all variables of the X matrix
(full models) and selected variables using the new OPS, GA, iSPA, and rPLS algorithms. All
three new approaches of OPS were tested for each dataset using all vectors, the most complete
OPS option. A total of thirty-seven informative vectors were evaluated. In order to compare the
OPS with the other three variable selection algorithms, the new strategy that provided the best
OPS model for each dataset was chosen between the three new strategies available using the all
vectors option. This choice was made based on the parameters described in the section “Theory
Background — Model evaluation™.

The full datasets were split into calibration and prediction sets using Kennard-Stone
algorithm [23]. Table II.1 shows information about the property and range calibrated, the size
of calibration and prediction sets, and the pre-treatment performed in each dataset. The y
variable was mean centered for all the properties and different pre-treatments and their
combinations were studied for each full matrix X. The pre-treatments tested were mean center,
autoscale, smoothing, first and second derivative, multiplicative scatter correction (MSC),
normalization, baseline, and standard normal variate (SNV). The combinations of two, three
and four pre-treatments were also studied. The pre-treatments that presented a model with the
lowest RMSECYV value was chosen for each dataset. All algorithms performed the variable
selection with datasets equally pre-treated.

The new OPS algorithms were applied using the window of 10 and increments of 5
variables, 100% of variables were tested, random cross-validation was applied, where splits
were set at 10% of X matrix rows. Only QSAR models were built using leave-one-out cross-
validation. In feedOPS, as convergence criteria, 2% as the minimum difference between two

consecutive RMSECV’s and ten as the maximum number of loops.
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Table II.1 Information about datasets used to perform validation of new strategies of OPS algorithm.

Dataset Voltammetry Fluorescence MS Raman NIR UV
Property Ascorbic Acid Catechol Ethanol Iodine Value Lignin Phorbol esters
Range 21.5-100.0 1.0-8.0 12.79 - 15.09 52.0-69.0 18.04 - 28.36 0.72 - 3.58
Unit umol L! umol L! vol (%) g1, 100 g fat ! % (W/W) mg g’!
Size 22 x 525 (Cal) 28 x 221 (Cal) 34 x 200 (Cal) 75 x 5667 (Cal) 216 x 1038 (Cal) 106 x 656 (Cal)
30 x 5667 (Pred) 40 x 1038 (Pred) 32 x 656 (Pred)

10 x 525 (Pred)

10 x 221 (Pred) 10 x 200 (Pred)

Column-wise Mean Center Mean Center Mean Center Auto Mean Center Mean Center
pre-treatment
ﬁz?evft-rt:t;en ; Baseline None None SNV nd D]egzi/eg;e ++MS C 1*' Deriv (15)
Dataset NMR GC Vis/NIR XRF QSAR MS
Property Pentanol Overall Quality Xylene Ni MMP-2 pICso Peroxide Value
Range 0-100 1.13-4.50 4.00 - 15.01 0.062 - 15.890 6.25-8.28 1.05 - 33.62
Unit % - weight percent (%) % . meq Kg™!
Size 181 x 2334 (Cal) 119 x 2294 (Cal) 25 x 316 (Cal) 12 x 261 (Cal) 25 x 439 (Cal) 20 x 106 (Cal)
3 x261 (Pred) 6 % 439 (Pred) 5 %106 (Pred)

50 x 2334 (Pred)

40 x 2294 (Pred) 5 x 316 (Pred)

Column-wise Mean Center Auto Mean Center Mean Center Auto Mean Center
pre-treatment

Row-wise MSC + st .

pre-treatment None 1 Deriv (19) + Norm 1¥ Deriv (3) None None None

Cal: calibration set; Pred: prediction set; Auto: autoscaling; SNV: standard normal variate; 1*' or 2" Deriv: type of derivative with the window
between parenthesis; MSC: multiplicative scatter correction; Norm: normalize to unit area; MMP-2 pICso: Half-maximal inhibitory concentration

negative logarithm of type 2 matrix metalloproteinases.
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In {OPS, when the option to run the selection using feedOPS was used, the convergence
criteria were the same as those used in feedOPS. The full matrix was divided into intervals of
10% of the its size, limited in at least fifty variables. Additionally, #OPS was calculated for
each interval in {OPS. Random cross-validation was applied to build full models, where splits
were set at 10% of X matrix rows. Although the OPS algorithms require several parameters to
optimize the variable selection, only X and y are mandatory inputs for all new OPS algorithms.
It is possible to perform the variable selection using some default parameters and automatic
choices, but the result may not be the optimal one.

The GA is a method used for solving optimization problems based on natural selection
processes and genetics that mimic biological evolution [10]. Initially, a starting population is
constituted for a series of different individuals and the number of individuals is defined as the
population with a defined size. These individuals are analyzed and crossed according to the
parameters introduced into the algorithm. At the end of the process, a vector consisting of zeros
and ones indicates whether variables should be included (1) or not (0). The parameters used to
perform the variable selection were optimized (results not shown) and the following conditions
were used: a population of 52, a maximum generation of 300, a mutation rate of 0.008, a
window width of 1, convergence of 80, 50 terms included at initiation, cross-over rule of 2,
random cross-validation was applied with the number of subsets to divide data into for cross-
validation of 10, cross-validation iteration of 1 and 3 replicate runs. The GA variable selection
was performed using the .m functions from PLS-Toolbox 8.2 (Eigenvector Research, Inc.
Wenatchee, USA).

The iSPA combines the noise-reduction properties of PLS with the possibility of
discarding non-informative variables with SPA-MLR algorithm [24]. In this method, it is
assumed that the variables have been divided into non-overlapping intervals, usually, with the
same length. First, the columns of X are partitioned according to the intervals of variables
previously defined and subjected to a sequence of projection operations that result in the
creation of chains. Second, PLS models are built using leave-one-out cross-validation for each
combination of intervals, and the best combination of intervals is then chosen by the smallest
RMSECYV [8]. The iSPA algorithm was applied dividing the spectra into 20 intervals and the
maximum number of intervals was selected as 20. This algorithm for MATLAB was provided
by the authors.

The rPLS method uses the dependent variable y to guide the variable weighting

recursively. This method iteratively reweights the variables using the regression vector
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calculated by PLS [11]. Random cross-validation with splits of 10 and the number of iterations
infinite were the default settings used in variable selection. This algorithm for MATLAB was
retrieved from www.models.life.ku.dk/algorithms.

The variable selection was carried out in triplicate on the calibration set. Thus, three
models were built for OPS, GA, iSPA, and rPLS. Each model was applied on the prediction set,
and the calculated RMSEP values were pairwise compared by Tukey test. Differences with p <
0.05 were considered significant.

Datasets

The six datasets used in the original OPS paper were near-infrared spectroscopy (NIR),
fluorescence spectroscopy, a simulated dataset, Raman spectroscopy, gas chromatography
(GC), and quantitative structure-activity relationship (QSAR) data.

For NIR spectra of diesel samples [25], the following physical properties were modeled:
boiling point at 50% recovery, cetane number, density, freezing temperature of the fuel, total
aromatics, and viscosity. Mixtures of standard solutions of six different analytes were used in
fluorescence [26]: catechol, hydroquinone, indole, resorcinol, L-tryptophane, and DL-tyrosine.
The simulated dataset consisted of twenty mixtures simulated by using ultraviolet-type spectra
from four analytes and their respective concentrations randomly generated. For Raman spectra
of Escitalopram® tablets [27], the dependent variable referred to the amount of active substance
in the tablets. GC dataset of fuel samples (Pirouette® software — Infometrix, Inc) is formed by
thirty-five independent variables consisting of the chromatograms peak areas and three
dependent variables comprising the following physical properties: flash point, freeze point, and
specific gravity. The QSAR dataset [28] consists of fourteen molecular descriptors for forty-
eight HIV-1 protease inhibitors and the dependent variable was the in vitro inhibition activity.

For NIR dataset, the new OPS algorithms were applied using window of five and
increments of two variables (window 5, increment 2), Raman dataset (window 10, increment
5), fluorescence dataset (window 5, increment 2), GC dataset (window 2, increment 1), QSAR
dataset (window 2, increment 1), and simulated dataset (window 5, increment 1).

The twelve new datasets used to compare full models and selected variables using the
new OPS, GA, iSPA, and rPLS algorithms are described below.

Voltammetry: This dataset was presented by Tedfilo [29] and consists of a mixture of

standard solutions of three biological interest compounds (dopamine, uric acid, and ascorbic
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acid). Square wave voltammetry (SWV) with boron-doped diamond electrode was employed
to quantify these analytes. The potential range investigated was from 0.01 to 1.5 V.

Fluorescence Spectroscopy: This dataset was presented by Teofilo [29] and consists of a

mixture of six standard phenol solutions (hydroquinone, guaiacol, p-cresol, m-cresol, catechol,
and phenol). The excitation wavelength was fixed at 275 nm, and the emission wavelength was
scanned from 270 to 380 nm.

Mass Spectrometry (MS): (1) The first mass dataset was obtained from

http://www.models.ku.dk/datasets and was presented by Skov et al. [30]. A mass spectrum was
obtained for each sample of wine in the range of 5 — 204 m/z using the electron ionization mode
at 70 eV. Fourteen properties were evaluated in the original work [30], but only ethanol was
calibrated in this work. (2) The second contains mass spectra collected from the headspace of
butter samples that had been artificially aged to produce various levels of spoilage. The
reference values for rancidity are peroxide values. The data were supplied by Leatherhead, UK,
and obtained from Pirouette® (Infometrix, Inc) software. The mass spectrum was obtained in
the range from 44 — 149 m/z.

Raman Spectroscopy: This dataset was presented by Lyndgaard et al. [31], and it is

available at http://www.models.ku.dk/datasets. The samples were 16 pork carcasses taken from
the daily production stock of a slaughterhouse for determining the fatty acid composition of
pork backfat as a function of the iodine depth profile. The Raman spectra were acquired using
a total of 16 accumulations of 1 s exposure and were stored as Raman shifts in the range 1800
—200 cm™.

Near Infrared Spectroscopy (NIR): This dataset is composed of sugarcane leaf NIR

spectra that was used to predict the lignin content of sugarcane stalks, and it was provided by
Assis et al. [16]. The NIR spectra were acquired from 10000 to 4000 cm™.
Ultraviolet Spectroscopy (UV): This dataset was obtained from Roque et al. [32], and

consists of UV spectra of Jatropha curcas extracts in the range of 210 to 350 nm. Phorbol esters
content was the modeled property.

Nuclear Magnetic Resonance Spectroscopy (NMR): This dataset is available at

http://www.models.ku.dk/datasets, and was presented by Winning et al. [33]. It consists of
NMR spectra of a designed set of 231 simple alcohol mixture (propanol, butanol, and pentanol),
and each spectrum was acquired in the range of 0.64 to 3.84 ppm.

Gas Chromatography (GC): Chromatographic profiles of volatile roasted coffee

compounds provided by Ribeiro et al. [34] to predict scores of coffee beverage overall quality.
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The chromatograms dataset used in this work comprises of the range from 1.25 to 21.83 min of
retention time.

Visible and Near Infrared Spectroscopy (Vis/NIR): The data were obtained from

Pirouette® (Infometrix, Inc) software. This dataset contains spectra of hydrocarbon mixtures
(heptane, isooctane, toluene, xylene, and decane) from two different diode array spectrometers.
Absorbances from 470 to 1100 nm were collected.

X-Ray Fluorescence Spectrometry (XRF): X-ray fluorescence spectra were obtained

from Pirouette® (Infometrix, Inc) software. Wang et al.[35] presented this dataset. Spectra of
nickel alloys plus elemental concentrations in the alloys were measured from 26 = 44° to 70°.
The nickel concentrations were determined by wet chemistry.

Quantitative structure-activity relationship (QSAR): De Melo [36] presented this dataset

of matrix metalloproteinases type 2 (MMP-2) with 31 cinnamoyl pyrrolidine derivatives, where

439 molecular descriptors were obtained.

Results and Discussion

Algorithms

The finest OPS model of each dataset is presented in Table II.2; regarding this, no
tendency is observed. In order to present the detailed results obtained using each one of the new
approaches (autoOPS, feedOPS, and iOPS), it was selected a dataset that shows the best result
using each of one them. For autoOPS was chosen XRF; for feedOPS, voltammetry; and for
iOPS, GC dataset.

The best OPS model obtained for XRF dataset was using the autoOPS algorithm. In
Figure I1.6A1 the sc value obtained for each of the thirty-eight vectors is shown. It is noticeable
that the vector SQR x URXY showed the lowest value (dashed red line). Additionally, not all
vectors were able to improve prediction quality regarding the full model (solid red line). Some
of them presented consistent improvement of model prediction. These results indicated that
vector combinations performed better than individual vectors. This conclusion cannot be
generalized for all datasets, but it is enough to show the importance of combinations.
Figure I1.6A2 shows the OPS plot for recognition of the best set of variables. It is a detail of the
best result shown in Figure II.6A1 for SQR x URXY vector. This plot displays an increase of
the variables number, related to the addition of new variables to the first variables window, and

a decrease in RMSECYV and increase in Rcy. This type of plot is very useful to visualize the
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variable selection and help in choosing the best set. The ideal subset of variables is found when
the ration of RMSECV and Rcy is minimum (equation (IL.4)).

Table II.2 Best OPS model, informative vector and the number of latent variables used to
perform the selection (A#OPS) obtained for each dataset.

OPS*

Dataset Property Vector
model

Voltammetry Ascorbic Acid feed NAS (19)
Fluorescence Catechol jauto SQR (5) x COV
MS Ethanol iauto REG (18) x COR
Raman Iodine Value iauto URXY
NIR Lignin feed REG (19)
uv Phorbol esters auto REG(9) x COR
NMR Pentanol auto SQR (7)
GC Overall Quality ifeed REG (16)
Vis/NIR Xylene iauto REG (10)
XRF Ni auto SQR (11) x URXY
OSAR MMP-2 pICso iauto REG (19)
MS Peroxide value feed REG (9) x NAS (9)

MMP-2 pICso: Half-maximal inhibitory concentration negative logarithm of type 2 matrix
metalloproteinases. TBest result. ZOPS values are presented between parentheses.

Sometimes, an increase of the variables number is accomplished by a small variation in
RMSECYV value. In this way, the subset of selected variables may not be ideal, because instead
the RMSECYV increase with the addition of new noninformative variables, this parameter
remained almost constant. Then, an overestimated subset of variables can be erroneously
selected.

In Figure 11.6A2, with few variables, the OPS model performance is worse than the full
model (solid red line), and as the number of variables increases, the RMSECV decreases and
Rcv increases until the optimal number of variables is reached (dashed red line). After that, the
RMSECYV value increases and Rcy decreases with the inclusion of noninformative variables.

Voltammetry dataset was used to present the result provided by feedOPS (Figure 11.6B).
For this dataset, eight selection runs were performed. The number of informative variables
selected and the RMSECYV value decreases in each loop until one of the criteria is achieved. The
maximum of ten loops and the relative difference between two consecutive RMSECV values
lower than 2% were set as constraints. Convergence was reached with seven loops, where the
difference between RMSECYV of the seventh and eighth loop was smaller than 2 %. Therefore,
the set of variables was selected by the NAS vector in loop 7 (dashed red line). As a result, a
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meaningful reduction of the number of variables (from 525 to 14) and improved model
performance parameters was reached.

Regarding iOPS, the GC dataset results were chosen to be presented. Figure I1.6C1 shows
the RMSECV obtained by each interval of the full array using variable selection. In this
example, the selection of variables in each subdivision was not able to enhance the predictive
capacity of PLS models. So, in the last step of iOPS, the selected variables in each interval were
merged into a new matrix. A new variable selection took place considering window and

increment of variables, and the best set of variables was obtained.
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Figure I1.6 (A1) Minimum sc values obtained for all informative vectors used in the autoOPS
algorithm for the XRF dataset. The selected vector was detached as dashed red line. (A2)
Detailed results of variable subsets obtained by the aufoOPS algorithm using the SQR x URXY
vector and your respective RMSECYV and Rcy values for the XRF dataset. The dashed red line
means the selected subset. Black spheres are RMSECV values showed in the left axis, and black
squares are Rcy values showed in the right axis. (B) FeedOPS typical plot (number of selection
runs and RMSECYV values) for the voltammetry dataset. The dashed red line indicates the loop
where the convergence was attained, and the set of selected variables was obtained. (C1) iOPS
plot for the GC dataset with RMSECYV values obtained by PLS models built using the selected
variables in each interval of the full array (first variable selection step). (C2) iOPS plot for the
GC dataset with RMSECYV values obtained by PLS models built using the subsets of the merged
matrix built from selected variables in each interval. A dashed red line shows the subset where
the best set of variables were selected. A solid red line represents the RMSECYV of full model in
each subplot of iOPS. sc: selection criterion; RMSECV: root mean square error of cross-
validation.

In Figure I1.6C2, the result of this last step is shown. RMSECV value decreases with the
addition of the increments of variables until finding the finest subset of variables (dashed red

line) and increases with the inclusion of noninformative variables in the model.
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Modeling

The three new OPS approaches provide four different ways to apply OPS since the iOPS
can be applied using autoOPS or feedOPS. The PLS models built using the selected variables
for the six datasets used in the original OPS paper are shown in Figure I1.7.

The number of selected variables is placed in the left-side axis and is represented by bars.
The informative vectors are placed inside the bars. The RMSEP values are located in the right-
side axis and are represented by the black spheres. The ZMod for each model is shown below
the spheres. In general, the prediction performance of the new approaches outperformed the
first version of OPS (OPSv1) algorithm in all datasets.

The AMod used in the original paper was taken as reference to run the new OPS
algorithms, and for most of the cases, this number was kept and for the others a smaller ZMod
was chosen automatically. The informative vector used for all datasets in the original paper was
REG or some combination with it. With the new approaches, different informative vectors were
chosen, including the PRODALL vector for three properties (Figure I11.7B, 7H, and 7J), proving
the importance of new vectors and their combinations to select more predictive variables. For
some datasets, the number of selected variables were slightly higher than the ones selected in
the original paper, but the prediction was better.

In Figure II.7R — 7U, it was not possible to apply the i{OPS algorithm, since the GC
(Figure II.7R — 7T) and QSAR (Figure I1.7U) datasets have thirty-five and fourteen variables,
respectively. For GC (specific gravity — Figure I1.7T), the RMSEP value was the same for
OPSv1, auto, and feed approaches, but the number of selected variables and the informative
vector were not the same. For QSAR (Figure 11.7U), the RMSEP value, the number of selected
variables and the informative vector were the same for OPSv1, auto and feed approaches. Both
datasets have a few number of variables, and it is possible that this fact influenced these results.

The PLS models obtained using the twelve datasets previously presented are described.
The mean results of the performance parameters of PLS models are shown in Table 11.3.
Concerning the RMSECV values, the OPS models were smaller than full models for all datasets.
Regarding the cross-validation results, OPS was the most predictive for voltammetry and NIR;
GA was the most predictive for fluorescence, MS (ethanol), NMR, Vis/NIR, XRF, QSAR, and
MS (peroxide value); rPLS was the most predictive for GC and OPS and rPLS presented similar

results for Raman and UV.
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Figure I1.7 Number of selected variables placed in the left-side axis (light gray bar) and RMSEP
values placed in the right-side axis (black spheres). The informative vector and the ZMod are
placed in bars and black spheres, respectively. (A) NIR — boiling point at 50% recovery, (B)
NIR — cetane number, (C) NIR — density, (D) NIR — freezing temperature of the fuel, (E) NIR
— total aromatics, (F) NIR — viscosity, (G) Fluorescence — catechol, (H) Fluorescence —
hydroquinone, (I) Fluorescence — indole, (J) Fluorescence — resorcinol, (K) Fluorescence — L-
tryptophane, (L) Fluorescence — DL-tyrosine, (M) Simulated — analyte 01, (N) Simulated —
analyte 02, (O) Simulated 03 — analyte 03, (P) Simulated — analyte 04, (Q) Raman — active
substance in Escitalopram ® tablets, (R) GC — flash point, (S) GC — freeze point, (T) GC —

specific gravity, and (U) QSAR —

of prediction, AMod: number of latent variables of the model. *NC: not calculated.

in vitro inhibition activity. RMSEP: root mean square error
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Table I1.3 Performance parameters of PLS models obtained using all variables and those selected by OPS, GA, iSPA, and rPLS algorithms.

Voltammetry - Ascorbic Acid

Fluorescence - Catechol

Full OPS GA iSPA rPLS Full OPS GA iSPA rPLS
nvars 525 14 74 — 80 52-179 7 221 30 32-35 33-166 28
hMod 6 3
RMSECV 8.2 34 4.8 10 3.7 0.6 0.4 0.3 0.6 0.5
Rev 0.943 0.991 0.982 0.92 0.989 0.989 0.994 0.997 0.989 0.993
RMSEP 7.6° 4.0% 6.1° 9.24 8.4¢ 0.8° 0.7 0.6 0.9° 0.8°
Rp 0.969 0.995 0.983 0.962 0.963 0.989 0.994 0.994 0.988 0.99

MS - Ethanol Raman - Iodine Value

Full OPS GA iSPA rPLS Full OPS GA iSPA rPLS
nvars 112+ 10 13-22 79 7 5667 25 2132 -2224 284 -3116 84
hMod 6 2
RMSECV 0.46 0.36 0.29 0.48 0.35 2.1 2 2.1 2.5 2
Rev 0.16 0.666 0.686 0.1 0.517 0.763  0.801 0.785 0.644 0.806
RMSEP 0.68°¢ 0.36? 0.42° 0.48°¢ 0.56¢ 2.0% 1.9% 2.0% 3.2° 2.4%
Rp 0.22 0.865 0.802 0.783 0.551 0.88  0.908 0.892 0.72 0.848

nvars: number of variables; AMod: number of latent variables of the model; RMSECV: root mean square error of cross-validation; Rcy: correlation
coefficient of cross-validation; RMSEP: root mean square error of prediction, Rp: correlation coefficient of prediction. Units: Voltammetry —
ascorbic acid (umol L), Fluorescence — catechol (umol L), MS — ethanol (vol - %), Raman — iodine value (g I 100g fat™!).¥Full dataset after
removal of variables that not present variance. Different superscript letters mean that the models are significantly different.
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Table I1.3. (continued).

NIR - Lignin UV - Phorbol Esters
Full OPS GA iSPA rPLS Full OPS GA iSPA rPLS
nvars 1038 135 293 — 358 518 — 882 149 656 50 148 — 164 66 51
hMod 10 8
RMSECYV 1.42 0.59 0.81 1.53 0.88 0.29 0.23 0.3 0.25 0.23
Rev 0.733  0.959 0.921 0.698 0.906 0.855 0912 0.849 0.89 0.909
RMSEP 0.89¢  0.67* 0.75° 1.02¢ 0.80° 0.27¢  0.24* 0.284 0.26° 0.32¢
Rp 0.928 0.96 0.948 0.902 0.941 0.947  0.958 0.943 0.952 0.924
NMR - Pentanol GC - Overall Quality
Full OPS GA iSPA rPLS Full OPS GA iSPA rPLS
nvars 2334 198 985 -1167 2101 199 2294 185 762 —T772 115-1492 736
hMod 4 5
RMSECYV 0.68 0.65 0.61 0.68 0.69 0.37 0.28 0.2 0.49 0.19
Rev 0.999  0.999 0.999 0.999 0.999 0918 0.953 0.977 0.847 0.979
RMSEP 245 2320 2.45° 2.45° 2.44° 0.38°  0.36° 0.49¢ 0.48¢ 0.40¢
Rp 0.995  0.996 0.996 0.995 0.996 0925 0.937 0.887 0.877 0.92

nvars: number of variables; ZMod: number of latent variables of the model; RMSECYV: root mean square error of cross-validation; Rcy: correlation
coefficient of cross-validation; RMSEP: root mean square error of prediction, Rp: correlation coefficient of prediction. Units: NIR — lignin (% w/w),
UV — phorbol esters (mg g!), NMR — pentanol (%),GC — overall quality (not applied). Different superscript letters mean that the models are

significantly different.
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Table I1.3. (continued).

Vis/NIR - Xylene XRF - Ni

Full OPS GA iSPA rPLS Full OPS GA iSPA rPLS
nvars 316 45 59 - 63 175 — 285 27 261 30 79 — 86 79 — 105 248
hMod 5 4
RMSECV 0.21 0.14 0.06 0.19 0.15 0.173 0.149 0.117 0.246 0.172
Rev 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999
RMSEP 0.16° 0.12% 0.13° 0.18¢ 0.14° 0.185° 0.139* 0.204¢ 0.208° 0.185°
Rp 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999

QSAR - MMP-2 pICso MS - Peroxide Value

Full OPS GA iSPA rPLS Full OPS GA iSPA rPLS
nvars 439 195 48 - 117 373 —439 26 106 40 26-53 69 - 91 104
hMod 3 6
RMSECV 0.45 0.4 0.31 0.45 0.33 0.44 0.39 0.28 0.48 0.49
Rev 0.647 0.731 0.834 0.669 0.829 0.999 0.999 0.999 0.999 0.999
RMSEP 0.51¢ 0.37° 0.51¢ 0.51¢ 0.48° 0.39° 0.32? 0.52¢ 0.39° 0.39°
Rp 0.204 0.564 0.255 0.206 0.263 0.999 0.999 0.999 0.999 0.999

nvars: number of variables; ZMod: number of latent variables of the model; RMSECYV: root mean square error of cross-validation; Rcy: correlation
coefficient of cross-validation; RMSEP: root mean square error of prediction, Rp: correlation coefficient of prediction. Units: Vis/NIR — xylene

(weight percent - %), XRF — Ni (%), QSAR — MMP-2 pICso (not applied), and MS — peroxide value (meq Kg™'). MMP-2 pICso: Half-maximal

inhibitory concentration negative logarithm of type 2 matrix metalloproteinases. Different superscript letters mean that the models are significantly

different.
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The RMSEP values are followed by superscript letters indicating the Tukey test results.
Different letters mean that the models are significantly different. For MS (ethanol) and UV, all
five PLS models (full and four variable selection models) differ significantly between then,
being the OPS, the most predictive model. Only for fluorescence dataset, OPS and GA models
were statistically equivalent. Furthermore, RMSEP values of full, OPS, GA, and rPLS do not
differ significantly in Raman dataset.

In some cases, the least predictive model was not the full. For example, in voltammetry,
NIR, GC, Vis/NIR, and XRF, iSPA models have the highest RMSEP value.

Also, the RMSEP was higher than full in rPLS for UV and GC datasets, and in GA for
UV, GC, XRF, and MS (peroxide value).

In QSAR models, it is recommended to verify the possibility of chance correlation using
the y-randomization test [36], where the y response was randomized five hundred times. Then,
OPS and rPLS models do not show chance correlation. However, GA, iSPA, and full models
presented chance correlation (results not shown).

Special attention should be given to MS (ethanol) dataset. Results for iSPA and rPLS
models were not obtained using as the start point of selection the matrix with all two hundred
variables because those algorithms were not able to perform the variable selection. In iSPA, the
algorithm started the selection but paralyzed and did not finish the selection. For rPLS, the
selection has not even begun; an error appears indicating that the X data, not present variance.
From these, it can be presumed that both methods, iSPA, and rPLS, show the limitation to select
variables in datasets like GC and MS, where the baseline does not have variance, and a peak
suddenly arises. Thought, in this work, these algorithms perform the selection in a GC and
another MS dataset. This can be explained by the presence of noise in the baseline, which
confers variance to the entire set of variables. So, to perform the selection with iSPA and rPLS
algorithms, the variables that do not present variance were eliminated and the full matrix now
consists of 112 variables. This new X was used to build the full model and to start the variable
selection.

In Figure I1.8 is shown a bar plot with the RMSEP values and the number of selected
variables of each variable selection algorithm for each dataset. These results are shown in
percentage of increase or decrease regarding the full models. For OPS models, the percentage
of decrease in RMSEP values ranged from 5 to 47% and the percentage of decrease in number
of variables ranged from 56 to 99%. For GA and iSPA models, an error bar is shown because

these two variable selection methods do not show stability when executing the selection more
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than once. iSPA was reproducible only in MS (ethanol), UV, and NMR datasets. OPS and rPLS
do not show any variance of selected variables in all twelve datasets, indicating that they are
highly reproducible.

Figure I1.9 presents the selected variables for all datasets. Each subplot shows the selected
variables for each algorithm (OPS, GA, iSPA, and rPLS), and the frequency at which a variable
was selected. The variable selection by OPS occurred, in general, where well-defined regions
are observed, i.e., peaks with rather clear physical meaning were selected. In some datasets,
baseline regions are also selected, but despite this, the models are predictive. Besides that, the
OPS selected few variables in all datasets, while the other methods selected almost all variables
in some cases.
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Figure I1.8 RMSEP values of variable selection models (light gray bar) and the number of
selected variables (dark gray bar). The values outside the bar are the percent of decrease
(negative values) or increase (positive values) of RMSEP values or the number of variables
regarding full model represented by the horizontal line on zero. (A) Voltammetry — ascorbic
acid (umol L), (B) Fluorescence — catechol (umol L), (C) MS — ethanol (vol - %), (D) Raman
—iodine value (g I» 100g fat™"), (E) NIR — lignin (% w/w), (F) UV — phorbol esters (mg g!), (G)
NMR - pentanol (%), (H) GC — overall quality, (I) Vis/NIR — xylene (weight percent - %), (J)
XRF — Ni (%), (K) QSAR — MMP-2 pICso, and (L) MS — peroxide value (meq Kg!). RMSEP:
root mean square error of prediction.

The variables selected by the four methods do not match in most datasets. Few common
variables are selected in all four methods (with the maximum frequency) as can be seen at the

top of each subplot in Figure I1.9. Therefore, the selection methods studied in this work do not

converge to the same result of selected variables.
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Figure I1.9 (A) Voltammetry — ascorbic acid, (B) Fluorescence — catechol, (C) MS — ethanol,
(D) Raman — iodine value, (E) NIR — lignin, (F) UV — phorbol esters, (G) NMR — pentanol, (H)
GC - overall quality, (I) Vis/NIR — xylene, (J) XRF — Ni, (K) Autoscale QSAR — MMP-2
pIC50, and (L) MS — peroxide value with the variables selected (vertical lines) by OPS, GA,
iSPA, and rPLS. The top graph in each subplot is the frequency that a variable was selected by
the four variable selection methods. *Variables selected by the model with lowest RMSEP.

Even with some very similar selection strategies to OPS (rPLS uses the regression vector,
and iSPA uses intervals), the other methods are not able to achieve the same result; they are
very different. For example, in Figure I1.9B, the variables selected by OPS are more informative
than those selected by the other methods since these variables are in the region with higher

intensity in the pure emission spectra of catechol (305 to 320 nm). In Figure I1.9G, the RMN
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spectra are composed by four signals. GA and iSPA selected variables throughout the spectra,
including baseline. The rPLS and the OPS selected four and two signals, respectively.

The RMN signal between 3.00 to 3.25 chemical shift with high intensity is pentanol
specific, and the OPS algorithm was able to select this specific signal, proving that OPS finds
the region with higher selectivity. Thus, the new OPS was able to select more informative and

predictive variables.

Conclusion

The new comprehensive approaches of OPS, autoOPS, feedOPS, and iOPS algorithms
were developed and compared to the OPSv1 and the other three methods of variable selection
concerning prediction capacity. The prediction performance of the new strategies outperformed
the OPSv1. The new OPS algorithms were successfully applied to several types of dataset
(sparse or non-sparse). They selected interpretative variables with greater predictability and
were highly reproducible, selecting the same set of variables when executing the selection more
than once. In general, the new strategies were able to reduce the number of variables in all
datasets significantly. Besides that, they were better than the other methods in the external
prediction of all datasets. Although the new approaches presented good results, there is not a
best strategy nor informative vector suitable for all datasets or dataset type. A unique algorithm
that automatically executes the three new OPS approaches is easily programmable. Overall, the
OPS proved to be a universal and powerful method that significantly improved the prediction
ability of the models, making it simpler to interpret, and showing excellent stability by selecting

the same set of variables when executing the selection more than once.
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Abstract

Simulated datasets were used to evaluate the computational performance of the ordered
predictors selection (OPS) and other variable selection methods, i.e., genetic algorithm (GA),
the interval successive projections algorithm for PLS (iSPA), and recursive weighted partial
least squares (rPLS). The OPS methods studied were the automatic OPS, the feedback OPS,
and the OPS intervals. All methods were evaluated by using a central composite design varying
the matrix dimensions and the number of latent variables. The computational performance of
the OPS methods was mainly influenced by the number columns, as well as the GA. On the
other hand, iSPA and rPLS were mainly influenced by the number of rows. In general, the
performance times of the OPS methods were similar to the other methods. Among the six
methods analyzed, rPLS was the fastest, followed by GA, OPS approaches, and iSPA.
However, even though the OPS methods were not the fastest ones, in the literature, they better
improved the models’ quality of several real datasets in comparison to other variable selection

methods.

Keywords: Variable Selection, Running Time, Simulated Datasets, Cross-Validation, PLS.
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Introduction

Multivariate calibration has been extensively used in several science fields. This type of
method takes into consideration several variables and a property of interest to build a
quantitative relationship. There are several multivariate calibration methods, such as multiple
linear regression (MLR), support vector machine regression (SVMR) and partial least squares
regression (PLS), the latter being the most used in chemometrics [1]. The considerable interest
in PLS is mainly due to its capability to analyze strongly collinear, noisy, and numerous
variables and the possibility to simultaneously model several properties [2].

Nowadays, most datasets used in chemometric approaches are enormous, having
hundreds or thousands of variables which are highly correlated. Although PLS works well for
these datasets, it may include irrelevant, nonlinear, and noisy variables in the model,
jeopardizing its interpretation. This evidence suggests that data reduction, such as variable
selection, is necessary to improve the model [3].

Variable selection is a key step in multivariate calibration. It reduces data dimensionality,
minimizing the influence of irrelevant variables, improving the model’s quality, and
simplifying its interpretation. Several results in literature [4—7] recognizes the critical role
played by variables selection methods [8—13]. However, some methods may spend a long time
to select variables. Then, the computational time must be taken into account when choosing the
variable selection method to be used, mostly when dealing with large datasets.

Previous research has established that the computational time and performance of
different PLS algorithms differ according to their mathematical approaches to find the PLS
regression vector [14—16]. Besides, the PLS calculation time is also affected by the dataset size
[14,16]. Thus, there is some evidence that suggests that a large set of variables may also affect
the computational time and performance of the variable selection step.

A fast variable selection algorithm that provides interpretative and predictive variables is
highly demanded. Over the years, several variable selection methods were developed to achieve
these requirements. Among these methods is the ordered predictors selection (OPS) algorithm,
initially presented by Teofilo et al. [12] and recently updated by Roque et al. [13]. The OPS
methods are simple and efficient for the selection of any variable type [17—19], providing a high
ability to improve the prediction of multivariate calibration models with few variables [20-22].

The purpose of this work was to evaluate the computational running time of several

feature selection algorithms using simulated datasets of different sizes. The OPS methods [13]
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were compared with other three variable selection methods available in the literature, i.e.,
genetic algorithm (GA) [10], intervals successive projections algorithm for PLS (iSPA) [23],
and recursive weighted partial least squares (rPLS) [11].

Variable selection methods

Ordered Predictors Selection (OPS)

The core of OPS sorts the variables based on informative vectors and systematically
investigates multivariate calibration models to find the most relevant set of interpretable
variables by comparing the cross-validation parameters of the models [12,13]. First, an
informative vector containing information about the best independent variables for prediction
is obtained. Then, the independent variables of the X matrix are differentiated according to their
corresponding absolute values in the informative vector. An initial subset of variables (window)
is defined to build and evaluate the first model. After, this initial subset is extended by the
addition of a fixed number of variables (increment) over the window, and a new model is built
and evaluated. Further increments are added until all, or a percentage of the variables are
considered. Cross-validation parameters, such as the root mean square error of cross-validation
(RMSECYV) and the correlation coefficient of cross-validation (R.), are calculated for each
model. Finally, the best variable subset is defined comparing the quality parameters calculated
during the validation step. Figure III.1 shows a flowchart for the core of OPS.

Three new strategies to make a more versatile OPS were recently presented [13]. The first
one is the automatic OPS (autoOPS) that automatically performs all steps of core OPS using
several informative vectors providing the best results. The second is the feedback OPS
(feedOPS) [13], wherein pre-selected variables return to a new selection run until achieving a
convergence criterion. This method runs the autoOPS in loop constrained by a rule. The last
strategy is the interval OPS (i{OPS), in which autoOPS or feedOPS is applied in subdivisions of
the full array. These approaches are presented in Figure I11.2.

Genetic Algorithm (GA)

The GA is a method used for solving optimization problems based on natural selection
and genetic processes that mimic biological evolution [10]. Figure III1.3A shows a scheme of

the GA steps.
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Initially, a starting population is constituted for a series of different individuals, and the
number of individuals is defined as the population with a defined size. These individuals are
reproduced, crossed, mutated, and evaluated according to the parameters introduced into the
algorithm until achieve some termination criterion. This criterion can be based on a lack of
improvement of the model (e.g. RMSECYV) or simply on a maximum number of generations (7).
At the end of the process, a vector consisting of zeros and ones indicates whether variables
should be included (1) or not (0).

Intervals Successive Projections Algorithm (iSPA)

The iSPA combines the noise-reduction properties of PLS with the possibility of
discarding non-informative variables with SPA-MLR algorithm [24]. In this method, it is
assumed that the variables have been divided into non-overlapping intervals (i), usually, with
the same length. The number of intervals is one of the settings inputs. The columns of X are
partitioned according to the intervals of variables previously defined. A single representative
variable of each interval (w;) is used in a sequence of projection operations that result in the
creation of chains. This process is repeated until all representative variables have been projected
in each orthogonal space of w;. PLS models are built using leave-one-out cross-validation for
each combination of intervals, and the best combination of intervals is then chosen by the
smallest RMSECV [23]. This process is illustrated in Figure I11.3B.

Recursive Weighted Partial Least Squares (rPLS)

The rPLS method uses the dependent variable y to guide the variable weighting
recursively (Figure I11.3C). This method iteratively reweights the variables using the regression
vector (b;) calculated by PLS [11]. This process is repeated until RMSECV converges to a
minimum value. The variables are eliminated based on a filter parameter, which variables with
a large difference between the smallest and the largest regression coefficient are removed. The

number of iterations and the filter parameter are part of the settings input.

Experimental

This section is about the evaluation of computational performance of six variable
selection methods algorithms: autoOPS [13], feedOPS [13], iOPS [13], GA [10], iSPA [23],
and rPLS [11]. The evaluation was made through an experimental design using simulated
datasets. All calculations were performed in MATLAB 2019a (Math Works, Natick, USA)

environment.
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Figure II1.3. Algorithm flowchart of (A) GA, (B) iSPA, and (C) rPLS methods.
Simulated Datasets

Five-level central composite design (CCD) [25] was carried out. The PLS regression was
used to build multivariate models for all variable selection methods. Variable selection was
performed using independent (X) and dependent (y) variables generated using a pseudo-random
function of MATLAB 2019a. The number of rows (samples) of X and y, number of columns
(variables) of X, and the number of latent variables (n/vs) of the PLS models were the factors

evaluated in this design. Table III.1 shows the factors and levels investigated.
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Table III.1. Factors with coded and decoded levels for five-level CCD designs.

Levels
Factors -1.68 -1 0 1 1.68
Rows (Samples) 109 310 605 900 1101
Columns (Variables) 227 5000 12000 19000 23773
nlvs 2 6 12 17 21

nlvs: number of latent variables.

The response of CCD was the running time of the variable selection algorithms. This
response was acquired using functions of MATLAB (zic and toc) that measure the elapsed time.
All data were processed by a dedicated computer Intel Core 15, with HD SATA 500 GB and
RAM 6 GB with the Microsoft Windows 8.1 operational system.

Therefore, a total of six CCD designs were performed. Three of them refer to new OPS
approaches (autoOPS, feedOPS, and iOPS), and the other three refer to GA, iSPA, and rPLS
algorithms. Each CCD design consisted of nineteen experiments, including eight factorial
experimental points, six axial experimental points, and five replicates in the experimental
central point.

Statistical evaluation by mean square residual error was performed considering regression

coefficients calculated by the following equation:
b=(X'X)"X'y (I1L.1)

where b is the regression coefficients, X is the matrix of coded factors, and y is the vector of
design response. All calculations of CCD design were performed using spreadsheets, according
to Teofilo and Ferreira [25].

Algorithms Parameters

The default settings of each variable selection algorithm were used to evaluate the
computational performance. The inputs consisted only of X, y, and the number of latent
variables (nlvs) for all algorithms.

The OPS algorithms were applied using the informative vectors of the ‘main’ option,
window of 10 and increments of 5 variables, 100% of variables were tested, and venetian blinds
cross-validation was applied with splits of 10. In feedOPS, a minimum difference of 2%
between two consecutive RMSECVs and a maximum of ten loops were used as convergence
criteria. In iOPS, the full matrix was divided into intervals of 50 variables, and the option to run

the selection using autoOPS in each interval was used. Additionally, ZOPS, the number of latent
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variables used to calculate informative vectors (more information can be found elsewhere [13]),
was calculated for each interval in {OPS. The OPS variable selection was performed using the
algorithms for MATLAB available at www.deq.ufv.br/chemometrics.

The GA was applied using the following conditions: a population of 64, a maximum
generation of 100, a mutation rate of 0.005, a window width of 1, convergence of 50, 30 terms
included at initiation, cross-over rule of 2, contiguous block cross-validation was applied with
the number of subsets to divide data into for cross-validation of 5, cross-validation iteration of
1, and replicate runs to perform of 1. The GA variable selection was performed using the .m
functions from PLS-Toolbox 8.2 (Eigenvector Research, Inc. Wenatchee, USA).

The iSPA algorithm performs leave-one-out cross-validation. By default settings, the full
X matrix was divided into ten intervals, being ten the maximum number of intervals to be
selected. The authors provided this algorithm for MATLAB.

The rPLS method was applied with random cross-validation with splits of 10, infinite
iterations, and the large difference between the smallest and the largest regression coefficient
allowed was set as 1000. This algorithm for MATLAB was downloaded from

www.models.life.ku.dk/algorithms.

Results and Discussion

Figure I11.4 shows the results of running time, in minutes, for the six CCD designs. From
Figure II1.4A, a short time is observed for rPLS (blue circles) in all nineteen experimental
points. GA algorithm (green squares) also presented a relatively short time when compared to
higher times showed by OPS (red, blue and orange triangles) and iSPA (pink diamond)
algorithms. Figure I11.4B shows that the running time behavior is similar for all algorithms in
most of CCD design assays. The time was normalized by using the Euclidean norm to facilitate
the visualization and comparison between algorithms.

Table II1.2 summarizes the CCD running time results obtained for autoOPS, feedOPS,
iOPS, GA, iSPA, and rPLS algorithms. The minimum and maximum values of running time
obtained for each CCD design are highlighted in bold.

The rPLS algorithm spent a short time in all CCD experiments, between 0.19 and 4.13
minutes. The three OPS algorithms showed minimum running times between 0.11 and 0.24
minutes in datasets with 605 rows and 227 columns, while GA and iSPA took more than two

minutes.
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Figure II1.4. Comparison of running times of autoOPS, feedOPS, iOPS, GA, iSPA, and rPLS
algorithms in minutes (A) and in normalized time by Euclidean norm (B).

AutoOPS and iOPS algorithms spent 690 and 839 minutes (ten and fourteen hours),
respectively, in the experimental point of CCD design with a max number of columns in X
(assay 12). FeedOPS spent more running time (819 minutes) in the experimental with 900 rows
and 19000 columns. In the same experimental point, GA spent 143 minutes or about two and a
half hours. However, GA is an algorithm that needs to be optimized to yield good results in
variable selection. In this computational performance test, GA was not optimized, spending
much less time than OPS algorithms. The iSPA algorithm spent 1124 minutes (about nineteen
hours) to perform selection in a large matrix (both rows and columns in +1 level). The long
time is probably related to the leave-one-out cross-validation performed by this method. Then,
the larger the matrix size, both rows and columns, the longer the running time of selection.

Statistical analysis by mean square residual error and the significance level (a) at 0.05
indicates that all linear regression coefficients are positively significant for all algorithms, as
shown in the Pareto chart (Figure II1.5). Then, increasing the number of columns, rows, and
nlvs increases the running time of the three new OPS approaches, GA, iSPA, and rPLS. In
Figure II1.5A, I11.5B, and II1.5C, the Pareto charts for autoOPS, feedOPS, and iOPS algorithms,
respectively, are presented. In Figure I11.5D, III.5E, and II1.5F, the Pareto charts for GA, iSPA,
and rPLS, respectively, are shown.

For all three OPS algorithms and GA, the number of columns showed a higher effect,
followed by the number of rows. This was expected because variable selection methods deal
with the number of columns and spend more time performing selection when the matrix has
more columns. However, for iSPA and rPLS, the opposite occurred. The number of rows

showed a higher effect, followed by the number of columns.
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Table I11.2. Five-level CCD and time results in minutes for variable selection methods.

Assay Variables and levels Time (min)

Rows Columns nlvs autoOPS feedOPS iOPS GA iSPA rPLS
1 310 (-1) 5000 (-1) 6 (-1) 10.63 10.64 14.12 9.41 15.87 0.25
2 900 (+1) 5000 (-1) 6 (-1) 33.07 34.11 38.54 25.61 158.42 1.00
3 310 (-1) 19000 (+1) 6 (-1) 172.18 159.20 188.25 35.27 73.73 0.66
4 900 (+1) 19000 (+1) 6 (-1) 401.57 463.38 546.39 97.76 677.88 3.17
5 310 (-1) 5000 (-1) 17 (+1) 14.35 18.60 19.13 11.88 23.72 0.32
6 900 (+1) 5000 (-1) 17 (+1) 44.34 64.05 57.02 35.46 256.80 1.44
7 310 (-1) 19000 (+1) 17 (+1) 243.83 285.71 292.31 49.58 121.41 1.12
8 900 (+1) 19000 (+1) 17 (+1) 677.61 819.48 804.38 143.38 1124.20 4.13
9 109 (-1.68) 12000 (0) 12 (0) 29.77 32.36 42.04 11.09 5.69 0.19
10 1101 (+1.68) 12000 (0) 12 (0) 263.04 342.54 326.82 95.62 861.95 3.45
11 605 (0) 227 (-1.68) 12 (0) 0.14 0.11 0.24 2.50 3.40 0.35
12 605 (0) 23773 (+1.68) 12 (0) 690.64 768.96 839.83 102.26 512.68 2.38
13 605 (0) 12000 (0) 2 (-1.68) 86.22 87.27 124.56 35.97 137.33 0.90
14 605 (0) 12000 (0) 21 (+1.68) 213.79 259.77 254.64 65.90 347.70 1.74
15 605 (0) 12000 (0) 12 (0) 149.62 175.98 188.62 51.51 248.93 1.28
16 605 (0) 12000 (0) 12 (0) 150.96 172.32 189.46 51.01 249.66 1.38
17 605 (0) 12000 (0) 12 (0) 150.06 170.13 190.41 52.51 251.45 1.26
18 605 (0) 12000 (0) 12 (0) 151.93 172.52 192.22 52.07 250.83 1.40
19 605 (0) 12000 (0) 12 (0) 150.06 179.07 187.88 52.53 250.95 1.28

Values in parenthesis are decoded levels for statistical analysis. Bold values are the minimum and the maximum of each algorithm. n/vs: number
of latent variables.

Roque, J.V.



80

Chapter I11: Computational performance of variable selection methods

From this, it can be assumed that iSPA and rPLS running times are significantly influenced by
cross-validation since this process is directly related to the number of matrix rows. The iSPA
algorithm performs the leave-one-out cross-validation, that is a slow method, and this may

influence the number of rows having a more significant effect than the number of columns in

the iISPA algorithm.
Columns (L) Columns (L)
Rows (L) Rows (L)
Columns (Q) Rows x Columns
Rows x Columns Columns (Q)
nlvs (L) nlvs (L)
Columns x nlvs Columns x nlvs
Rows x nlvs Rows x nlvs
Rows (Q)[1 0. nlvs (Q) 10,
nlvs (Q)0.43 autoOPS (A) Rows (Q)[0/03 feedOPS (B)
a=0.05 a=0.05

Columns (L) Columns (L)
Rows (L) Rows (L)
Rows x Columns Rows x Columns
Columns (Q) nlvs (L)
nlvs (L) Columns x nlvs
Columns x nlvs Rows x nlvs
Rows x nlvs nlvs (Q)
Rows (Q) Rows (Q)
nlvs (Q) Columns (Q)

Rows (L) Rows (L)

Columns (L) Columns (L)

Rows x Columns X Rows x Columns

nlvs (L) . nlvs (L)

Rows (Q) . Rows (Q)

Rows x nlvs Columns x nlvs

Columns x nlvs . Rows x nlvs

nlvs (Q)] 0|38 Columns (Q)
Columns (Q)|0,07 iSPA (E) nlvs (Q) rPLS (F)

o =0.05 a =0.05

Figure III. 5. Pareto chart for the standardized main effects in the central composite design of
autoOPS (A), feedOPS (B), iOPS (C), GA (D), iSPA (E), and rPLS (F). Red line is the
significance level (o) at 0.05. Linear (L) and quadratic (Q) coefficients. Number of latent
variables (n/vs).

In all OPS approaches, the significant quadratic coefficient for the number of columns
indicates that the running time increases quadratically with the increase of columns. Moreover,
this coefficient was significant only for OPS, indicating that the new algorithms are more
affected by the increase of columns than the other methods tested.

A profile report for each variable selection method was generated by profile MATLAB

function using performance time. The random X and y data created in the first CCD design
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experimental point (310 rows, 5000 columns) and six latent variables were used. These reports
were used to evaluate the time spent in subfunctions used in each variable selection method.
Each algorithm performs the search for more predictive and informative variables using
different strategies based on how they combine the variable selection and the model building.
Although all of them use the cross-validation procedure as internal validation and build PLS
models, the difference, however, lays on the different cross-validation strategies and PLS
algorithms employed, as can be seen in Table III.3.

In GA and OPS algorithms, the search for variables takes longer than the execution of
cross-validation (CV) and PLS, being these methods more affected by the number of columns
or variables in X data, consistent with the Pareto results. However, rPLS and iSPA spent more
time in PLS and CV procedures, respectively. About 64% of the time spent in iSPA algorithm
refers to leave-one-out cross-validation, explaining why the rows numbers of X data has more
influence in running time. In rPLS, 74% of the time was spent in PLS calculation, being
consistent with the fact that this algorithm works in a loop to reweight the regression vector
building several PLS models.

Table II1.3. Profile report for OPS, GA, iSPA and rPLS with percent of time spent of cross-
validation and PLS algorithms.

Variable

Cv PLS
selection
time (%) type splits  time (%) type  time (%)

autoOPS 40.06 venetian blinds 10 21.96 BIDIAG  37.98
feedOPS 39.84 venetian blinds 10 2191 BIDIAG 38.25

iOPS 45.88 venetian blinds 10 21.57 BIDIAG  32.55
GA 65.72 contiguos block 5 9.52 SIMPLS  24.76
iSPA 2.97 leave-one-out 310 64.59 NIPALS 32.44
rPLS 18.72 Random 10 7.28 BIDIAG  74.00

CV: cross-validation; BIDIAG: bidiagonalization algorithm; NIPALS: nonlinear iterative
partial least squares.

OPS and rPLS algorithms use the bidiagonalization algorithm (BIDIAG) proposed by
Manne [26], GA uses the SIMPLS algorithm developed by De Jong [27], and iSPA employs
nonlinear iterative partial least squares (NIPALS) [28]. Martins et al. [14] evaluated the
computational time of several PLS algorithms, and the BIDIAG algorithm was considered

faster than SIMPLS, which was faster than NIPALS. The higher time performance of NIPALS
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mentioned in literature also corroborates with the high running time spent by iSPA algorithm
once 32% of its time is spent in PLS calculations.

Variable selection algorithms can be classified into three different classes, according to
Mehmood et al. [3]. As OPS algorithms are an iterative procedure based on a greedy exploration
that searches for an optimal subset of variables for each latent variable of the PLS model, they
are classified as an embedded method. These embedded methods usually expend more
computational time since the variable selection is an integrated step of modeling. Then, OPS
algorithms spent considerable time to select variables as they perform a longing search for the
best variables. GA is classified as a randomized wrapper method, which uses a threshold to
select variables in an iterative way, where the model building is wrapped within the variable
selection step. Wrapper methods tend to be computationally demanding. iSPA and rPLS
algorithms are classified as filter methods, which are based only on a threshold to select
variables. These methods are particularly useful in computation time, but they tend to select
redundant variables. Besides, a recently published work [13] confirmed that the OPS method
selected more interpretative and predictive variables, while rPLS was the fastest, but not the
most predictive in most cases. Besides that, iSPA was the slowest algorithm and also was not
predictive, selecting non-interpretative and predictive variables [13].

In addition, the results presented in this work could be used to improve the performance
of variable selection algorithms and assist in the choice of the best pathway to develop fast

algorithms.

Conclusion

The choice of the variable selection method for multivariate regression is an important
step to be considered due to the significant differences in running time of algorithms presented
in this work. The matrix dimensions have a more pronounced effect in running time, while the
number of latent variables was the minor effect. The OPS algorithms were able to perform the
variable selection in small-size matrices in short running times, and they were affected mainly
by the number of columns, spending more time performing selection on data sets with a high
number of variables. GA was mainly affected by the number of columns; however, iSPA and
rPLS algorithms were predominantly affected by the number of rows. Concerning the average
running times, the rPLS was the fastest, followed by GA, autoOPS, feedOPS, iOPS, and iSPA
algorithms. Although the OPS approaches were not the fastest methods, they improved the
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prediction and interpretative ability of several real datasets in the literature in comparison to

other variable selection methods.
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Abstract

New methods for variable selection in classification using ordered predictors selection
(OPS) are proposed in this work. The OPS method was initially designed to select variables in
multivariate regression, and it has been successfully used for this purpose. However, a specific
method that uses the OPS strategy to select variables in discriminant analysis has not yet been
presented. OPS for feature selection in the discriminant analysis (OPSDA) selects the most
predictive variables for each class using a cross-validation procedure and a window search
based on partial least squares for discriminant analysis (PLS-DA). The classification model
based on OPSDA variable selection can be performed in two different ways. The first strategy
combines the set of selected variables for each class in a unique vector to build a single
classification model. The second one uses the set of selected variables for each class
individually to build classification models to predict each class at a time. In this work, PLS-DA
and support vector machines for discriminant analysis (SVM-DA) models were built and
compared. The new OPSDA methods were applied on three datasets, with different types of
predictors, and the results were compared with the models using all variables. The OPSDA
provided the best set of selected variables to build more predictive models using both
classification methods, PLS-DA and SVM-DA. Therefore, OPSDA proved to be efficient to
select variables in different types of datasets, and it could be applied to classification problems
independent of the number of classes.

Keywords: Variable selection, classification, PLS-DA, SVM-DA.
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Introduction

Pattern recognition is one of the major areas of chemometrics related to analytical
chemistry, and it is widely used in chemical problem solving [1]. In this field, there are two
approaches, depending on what is known a priori. When no information about samples grouping
is required, the methods are called unsupervised pattern recognition, such as principal
component analysis (PCA), hierarchical cluster analysis (HCA), and Kohonen networks. On
the other hand, when the group assignments are known (classes), the methods are named
supervised pattern recognition or classification methods. From this, there are a variety of
methods available, such as soft independent modeling of class analogy (SIMCA), k-nearest
neighbor (k-NN), decision trees, support vector machines for discriminant analysis (SVM-DA),
linear discriminant analysis (LDA), and partial least squares for discriminant analysis (PLS-
DA).

PLS-DA is a variant of partial least squares (PLS) regression and has often been applied
to classification problems in many research fields [2—5]. A large number of variables in a dataset
1S a common issue in modern chemometrics and, sometimes, most of them are irrelevant for
interpretation [6,7]. For this reason, there are several approaches to search for the most
significant variables in supervised classification methods. Variable selection method using intra
and inter-variance was applied in mid-infrared spectroscopy to build PLS-DA and SIMCA
models [8]. Genetic algorithm (GA) [9] was used to select variables in PLS-DA for nuclear
magnetic resonance spectroscopy [10,11] and terahertz spectroscopy [12]. Also, GA was
applied combined with LDA [13] in infrared spectroscopy. Uninformative variable elimination
(UVE) [14], variable importance in projection (VIP) [15], and significance multivariate
correlation (SMC) [16] were used as feature selection with PLS-DA in chromatographic
profiles [17]. SVM recursive feature elimination (SVM-RFE) [18] was used to select variables
in mass spectrometry dataset [19]. Besides, VIP scores is a common method used to select
variables in PLS-DA [19-25], LDA [19], and SIMCA [21].

Another variable selection method very used to built LDA models is the successive
projections algorithm (SPA) [26-30]. Further, recursive weighted PLS (rPLS) [23,31],
equidistant combination multiple linear regression (ECMLR) [32,33], interval PLS (iPLS)
[11,12,34], and competitive adaptive reweighted sampling (CARS)[35] were used to select
variables combined with PLS-DA.
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The ordered predictors selection (OPS) [36,37] is a method to select variables in
multivariate regression with the potential to be adapted for discriminant analysis. This method
has the advantage to be simple, fast, and efficient for the selection of relevant predictors types
[38—41]. A simple adaptation of the OPS algorithm for multivariate regression was applied to
build classification models of two classes in some studies [38,42—44]. These results confirm the
potential of the OPS algorithm to improve classification models. However, a specific algorithm,
which uses the strategy used by OPS to select variables in the discriminant analysis, has not yet
been presented.

Therefore, this study proposes the development of the ordered predictors selection for
discriminant analysis (OPSDA), a method to select variables for classification methods. Then,
three OPSDA approaches were proposed. The first one, automatic OPS for discriminant
analysis (autoOPSDA), performs all calculations using either or both informative vectors and
its combinations. The second one, called feedback OPS for discriminant analysis (feedOPSDA),
wherein the pre-selected variables would go through a new selection run. The last one, interval
OPS for discriminant analysis ({OPSDA), apply the OPSDA in subdivisions of the full array.
Besides, the approaches were applied to different types of datasets with two, three, and four
classes, with the proposal to demonstrate the application of OPSDA method in different data

structures and multiclass classification problems.

Theory background

This section will describe the PLS-DA method, chosen as the classification method to be
used in OPSDA, the parameters of model evaluation, and OPSDA strategies for variable
selection.

Partial Least Squares for Discriminant Analysis (PLS-DA)

PLS-DA is a classification method based on the PLS approach [45]. This supervised
pattern recognition method uses the X matrix of independent variables with a y vector of
dependent dummy variables to build classification models. In the two-class case, usually, the
values of the dependent variable are coded 1 for one class and 0 for the other class. In case of
more than two classes, more than one column of y is obtained, resulting in a Y matrix, and a
PLS2 algorithm is used. Figure IV.1 shows the X matrix divided by colors, each representing a

class that is given a correspondent region in the Class vector.
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X, Class Y;,
Class 1 100
Class 2 010
Class n 001

Figure IV.1. Scheme of X matrix (i samples and j variables), Class vector, and Y binary matrix
(i samples and 7 classes) in PLS-DA.

This class vector can be rearranged in a binary matrix, where each column represents a
class. In the first column of the Y matrix, ones are assigned in the rows corresponding to class
1 and zeros for the other classes’ rows. In the second column, ones are assigned for the rows
corresponding to class 2 and zeros for the other classes’ rows, and so on.

In the PLS-DA model prediction, values close to zero and one are obtained, and this
indicates that either the sample is or not in the modeled class, respectively. In practice, a
threshold is determined by using a normal probability density function and Bayes decision [46],
above which the sample belongs to the class and not belongs to the class if below.

Model Evaluation

Classification models were evaluated using the statistical parameters sensitivity and
specificity. These parameters of decision making help in the reduction of the subjectivity in the
performance evaluation. The sensitivity or true positive rate (equation (IV.1)) is the percentage
of samples of each class accepted by the class model, and specificity or true negative rate
(equation (IV.2)), is the percentage of samples of the other classes correctly rejected by the
class model [45].

Sensitivity = __r (Iv.1)
(TP+ FN)
Specificity = % (Iv.2)

where TP is true positive (number of samples that belongs to the class classified as
belonging to class), FN is false negative (number of samples that belongs to class not classified
as belonging to class), TN is true negative (number of samples that does not belong to the class
classified as not belonging to class), and FP is false positive (number of samples that does not

belong to the class classified as belonging to class). Figure IV.2 illustrates these concepts.
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Figure IV.2. Parameters of decision making in classification models. 7P: true positive; FP:
false positive; FN: false negative; TN: true negative. (@) samples of class 1 and (m) samples of
other class.

In addition, the classification error is also used to evaluate supervised pattern recognition
models. Equation (IV.3) shows how to calculate this parameter.

FP+FN (IV.3)
(TP+TN + FP+ FN)

Error =

An ideal classification will have 1 for both sensitivity and specificity and error 0. The
sensitivity and specificity decrease when false negatives or false positives occur, respectively.
The increase in error depends on false negatives and positives. So, the desired error value is
reached only when the maximum of both sensitivity and specificity are achieved.

Ordered Predictors Selection for Discriminant Analysis (OPSDA)

Briefly, this method is based on obtaining informative vectors containing information
about the best response variables to increase the sensitivity and specificity. The models are
obtained by sorting the data matrix in descending order of vector magnitude. Then, models are
evaluated, and those with the best quality parameters of cross-validation are selected [36,37].
The model evaluation is performed using the classification error, where the variable set that
provides the smallest classification error is chosen. OPSDA was designed to select variables
based on cross-validation procedure building PLS-DA classification models. Even though the
variables were selected using this approach, a PLS-DA model does not need to be built with
these selected variables, another classification method, such as SVM-DA, £-NN, or LDA could
be used to study these best variables.

In OPSDA method, it is possible to apply the variable selection using autoOPSDA,
feedOPSDA, and iOPSDA. In autoOPSDA, all vector calculations are performed automatically
using either or both informative vectors and its combinations, and the best one is chosen. Details

about these vector calculations can be found elsewhere [36,37]. The best informative vector is
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chosen based on the lowest classification error of cross-validation (ErrorCV), aiming to find
the best variable subset to build predictive classification models.

The feedOPSDA apply feedback in OPSDA algorithm, wherein pre-selected variables
can return to a new selection run until achieving the smallest ErrorCV. The ideal value of this
parameter is zero, which indicate no misclassification. Convergence is achieved when in two
consecutive selection runs, relative differences (rd) (equation (IV.4)) between error values are
smaller than a value defined or when the error value increases instead of decrease. Thus, the
previous loop is taken as the best selection.

_ ErrorCV, — ErrorCV,_,
ErrorCV,

rd (IV.4)

where 7 is the number of selection runs. Besides that, the maximum number of selection runs
can be defined, and so, the last loop is considered as the best selection. It is essential to highlight
that in each selection run, the autoOPSDA is applied to provide the best informative vector.

The iOPSDA is applied in subdivisions of the full array. First, the number of variables in
each interval is defined. The entire array is subdivided, and the variable selection is performed.
In each interval, the autoOPSDA or the feedOPSDA is applied. This step is mainly used to
reduce the number of variables in each interval. Then, the intervals comprising only the selected
variables will be merged into a new matrix, and a new variable selection will take place
considering the predetermined window and increment. The autoOPSDA (or feedOPSDA) is
applied in the new array, and the best set of variables is reached.

The OPSDA perform the variable selection according to Figure IV.3. The feature
selection is performed using the X matrix and each column of binary matrix Y at a time. Then,
for each class is obtained a set of selected variables (varsel), which can be used in two different
ways. The multiclass strategy (Figure IV.3A) combines the set of selected variables for each
class (varsel 1 + varsel 2 + ... + varsel n) in a unique vector to build a single classification
model. If this combined vector has repeated variables, i.e., the same variable was selected for
more than one class, it would be counted just once (elimination of repeated variables), and a
global set of selected variables is obtained. The one class-vs-all strategy (Figure IV.3B) uses
each set of selected variables individually to build classification models to predict whether the
given sample belongs or not to the given class. With n classes, in one class-vs-all, n
classification models are built, except for two classes problem, where if the sample does not

belong to one class, it belongs to another.
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Figure IV.3. Scheme of (A) multiclass and (B) one-vs-all strategies to obtaining selected
variables for classification models using OPSDA. X matrix (i samples and j variables), Y binary
matrix (i samples and » classes), and varsel (the set of selected variables).
Experimental

Near-infrared spectroscopy, X-ray diffraction, and mass spectrometry datasets were used
to build classification models with variables selected using OPSDA. The OPSDA were applied
using 10 points window and increments of 5 variables, 100% of the variables were tested,
random cross-validation was applied, with splits set to 10% of X matrix rows. In feedOPSDA,
the convergence criteria were 2% as the minimum difference between two consecutive
ErrorCVs and ten as the maximum number of loops. In i{OPSDA, when the option to run the
selection using feedOPSDA was used, the convergence criteria were the same as those used in
feedOPSDA. The full matrix was divided into intervals of 10% of its size, limited to at least

fifty variables. Additionally, #OPS, the number of latent variables used to calculate informative
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vectors (more information can be found elsewhere [37]), was calculated for each interval in
iOPSDA.

The full datasets were split into training and test sets using the Kennard-Stone [50]
algorithm separately for each class to maintain classes proportion. The autoOPSDA,
feedOPSDA, and iOPSDA methods using multiclass and one class-vs-all strategies were
applied to each dataset testing all informative vectors. The OPSDA method that provided the
best set of selected variables for each dataset was chosen to build classification models using
the PLS-DA and SVM-DA.

The SVM-DA is primarily a classifier method that performs classification tasks by
building hyperplanes in a multidimensional space that separates cases of different class labels
[46,47]. An iterative training algorithm is used to minimize an error function to build an optimal
hyperplane. In the Least Squares — Support Vector Machines (LS-SVM) [48] algorithm used in
this work, a cost function is minimized, with the optimization of y parameter. This is the
regulation parameter of the machine learning algorithms that work to avoid overfitting. In
nonlinear classification, kernel functions are used to perform a mapping of the data points
(samples) in a new space of higher dimension, making them linearly separable. The radial basis
function (RBF) is the most popular kernel function, and it depends on the o tuning. This
parameter changes the degree of nonlinearity, which can be modeled. With an increase of 6,
the kernel tends to find a linear solution [48,49]. Both parameters, y and ¢* were optimized for
each classification model.

Four classification models were built for each dataset: PLS-DA and SVM-DA models
using all variables (full models) and PLS-DA and SVM-DA models using selected variables by
the best OPSDA. The algorithms for OPSDA and PLS-DA were written as .m function in
MATLAB 2019a (Math Works, Natick, USA) and they are entirely authorial. The LS-SVM
MATLAB/C Toolbox (available in https://www.esat.kuleuven.be/sista/lssvmlab/) were used to
build SVM-DA models. All calculations were performed in MATLAB environment.
Near-Infrared Spectroscopy (NIR)

This dataset was composed by NIR spectra of sugarcane stalk samples supplied by the
germplasm bank of the Sugarcane Genetic Breeding Program (PMGCA) from Universidade
Federal de Vigosa, Vicosa, Minas Gerais (MQG), Brazil. Reflectance NIR spectra were collected
using a Fourier transform near-infrared (FT-NIR) spectrometer (Thermo Scientific Antaris II).

Stalk scans were the average result of 32 scans measured with 4 cm™ resolution over the
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wavenumber range 10000 — 4000 cm™. These spectra were obtained in reflectance mode as log
(1/R), where R is the collected reflectance.

Before building the classification models, the spectra were pre-treated using the second
derivative, followed by mean centering. The training and test sets consisted of 139 and 20
samples, respectively. Stalk samples were classified according to a range of fiber content
determined by a reference method. Samples were divided into two classes: the first one (class
A) has low fiber content (7.000 to 13.400 %) and the second (class B) high fiber content (13.401
to 20.000 %).

X-Ray Diffraction (XRD)

This dataset consists of sugarcane stalk genotypes also supplied by PMGCA. Although
this dataset and the previous one are both composed of stalks, they are from different samples.
Pellets of sugarcane stalks were prepared in order to obtain XRD diffractograms. Briefly, stalk
samples were grounded using a knife mill and 80-mesh sieve. The pellets were prepared using
a press, transferring 0.40 g of powdered material to the sample set and applying 8.0 tons cm™.
XRD measurements were performed in an X-ray diffractometer D8Discover (Bruker) equipped
with Cu radiation source with wavelength 1.5418 A (voltage of 40 kV and current of 40 mA).
The 0-20 scans were performed in the range of 10—40 degrees with steps of 0.1.

Second and first derivatives followed by autoscaling were performed in the
diffractograms. Dataset was split into 21 and 9 samples for training and test sets, respectively.
The classification model was built with three different classes of sugarcane: susceptible (class

S), intermediate (class 1) and resistant (class R) to sugarcane borer.

Mass Spectrometry (MS)

Pereira et al. [38] designed this dataset for the study of American lager beers from four
different breweries. The mass spectra were obtained by a Thermo Fisher LCQ FLEET (San
Jose, CA, USA) ion trap mass spectrometer in the range of 100 to 1800 m/z.

The beer mass spectra were transformed using the first derivative and pre-processed by
mean centering. Although the first derivative is not indicated for mass spectra data, it
expressively reduced the uninformative variables without shifting the relevant signal. Besides,
the data presented an apparent continuous profile, which justifies the use of the first derivative.
The samples were split into 93 and 48 for the training and test sets, respectively. The classes

were assigned according to each brewery as follow: 72 beers of Anheuser-Busch InBev (class
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A), 28 beers of Brazil Kirin (class B), 27 beers of Petropolis Group (class C), and 14 samples
of Krill (class D). Details about this dataset can be found elsewhere [38].

Results and Discussion

Near-Infrared Spectroscopy (NIR)

In a two-class classification problem, the optimization of only one class is required. Then,
the OPSDA methods were applied only once, i.e., using one column of the Y variable. For NIR
dataset, the feedOPSDA algorithm achieved the best result using REG as the informative vector
in all selection runs. Initially, the data array was composed of 3113 wavenumbers. The number
of selected informative wavenumbers decreases in each loop. Convergence was reached with

seven loops (Figure IV.4), and a set of variables was selected by REG vector in loop six.

Fulll 2 3456 7

Figure I'V.4. Number of selection runs in feedOPSDA in NIR dataset. The red arrow indicates
the loop where the convergence was attained, and a set of selected variables was obtained.

Classification results using all variables (full) and selected variables using OPSDA-PLS-
DA (OPSDApls) and OPSDA-SVM-DA (OPSDAsvm) are shown in Table IV.1. OPSDApls
and OPSDAsvm models showed a significant improvement in comparison to full-PLS-DA and
full-SVM-DA, respectively. Besides that, for both classes, these models proved excellent
predictability (Specificity (Pred.) = 1).

Figure IV.5 shows the Y predicted values in the cross-validation of the full-PLS-DA
model (Figure IV.5A) and OPSDAplIs (Figure IV.5D). The cross-validation results are shown
to demonstrate the improvement of the ErrorCV, which is the parameter used to select variables
by OPSDA. Ideally, all red circle samples (class A) should be predicted above of dashed black
line (threshold). In Figure IV.5A, full-PLS-DA model did not provide good separation in cross-
validation procedure, while OPSDAp/s model (Figure IV.5D) could predict the samples more

correctly, with a significant decrease of ErrorCV. This model has only two false-positive
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samples and one false negative for class A. Thus, the model that used selected variables was
considered more efficient and robust.

Table IV.1. Statistical parameters of PLS-DA and SVM-DA models using all variables and
selected variables by feedOPSDA for NIR dataset.

PLS-DA SVM-DA
Full OPS Full OPS

Class A
nvars 3113 71 3113 71
nlvs / (y,6°) 5 5 (29, 456085) (5552, 3643)
Sensitivity (Training) 1.000 1.000 0.692 1.000
Sensitivity (Test) 0.875 1.000 0.375 1.000
Specificity (Training) 1.000 1.000 0.851 1.000
Specificity (Test) 0.917 1.000 0.917 1.000
Error (Training) 0.000 0.000 0.223 0.000
Error (Test) 0.100 0.000 0.300 0.000

Class B
nvars 3113 71 3113 71
nlvs / (v,6°) 5 5 (29, 456085) (5552, 3643)
Sensitivity (Training) 1.000 1.000 0.851 1.000
Sensitivity (Test) 0.917 1.000 0.917 1.000
Specificity (Training) 1.000 1.000 0.692 1.000
Specificity (Test) 0.875 1.000 0.375 1.000
Error (Training) 0.000 0.000 0.223 0.000

nvars: number of variables; nlvs: number of latent variables; y and 6°: optimization parameters
of SVM-DA.

Figure IV.5B and IV.5C show the class prediction of the full-PLS-DA and full-SVM-DA
models, respectively, and Figure IV.5E and IV.5F, the class prediction of the OPSDAp/s and
OPSDAsvm models, respectively. Ideally, all red circle samples (class A) should be predicted
as class A, i.e., appearing in the bottom of the figure. In the opposite, all black squares (class
B) should appear in the top of the figure, i.e., predicted as class B. In full-PLS-DA model, the
training set is correctly classified, but in the test set, there is misclassification in both classes.

In full-SVM-DA, both training and test sets presented classification errors. In OPSDAp/s and
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OPSDAsvm models, no misclassification is observed in both sets, training and test, showing

maximum sensitivity and specificity (Table IV.1).
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Figure IV.5. Cross-validation Y prediction values for NIR dataset in full-PLS-DA (A) and
OPSDApls (D). Classification by full-PLS-DA (B), OPSDApIs (C), full-SVM-DA (E), and
OPSDAsvm (F) models. Filled red circles (@) and empty red circles (0) are samples of class A.
Filled black squares (m) and empty black squares (0) are samples of class B. Filled shapes refer
to cross-validation samples, and the empty ones refer to test samples. In (A) and (D) the
horizontal dashed black line indicates the threshold selected in PLS-DA method. In (B), (C),
(E) and (F), indicates simply a class mark. ErrorCV: classification error in cross-validation.

In Figure IV.6A, it is presented the selected variables in NIR dataset by using the
multiclass strategy. The variable selection occurred where well-defined regions are observed.
Therefore, using the selected variables by OPSDA and NIR spectra was possible to classify
correctly stalk samples of sugarcane genotypes in high (13.401 to 20.000 %) or low (7.000 to
13.400 %) fiber content.

Absorbance

Relative Intensity

0.0F 500 L LU
10000 8000 6000 4000 10 15 20 25 30 35 40
Wavenumber / cm’ 2-0/Degree

Figure IV.6. (A) NIR spectra and (B) XRD diffractograms with global selected variables by
using the feedOPSDA with the multiclass strategy.
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X-Ray Diffraction (XRD)

In Figure IV.7, the result of feedOPSDA algorithm is presented, which provided the best
result using REG X SQR as the informative vector for all classes. The full matrix had 601
variables. Convergence was reached with two, three, and two loops for class S, I and R,
respectively. So, a set of variables was selected for each class by REG xSQR vector in loop one
(class S), two (class I), and one (class R). For classes S and R, the best set of informative
variables were obtained in the first selection run, i.e., basically, the autoOPSDA algorithm was
used to achieve these results. After that, the selected variables are combined in a multiclass

strategy, and the global set of variables are obtained.

Full1 2 Full1 2 3 Full1 2
Class S Class 1 Class R

Figure IV.7. Number of selection runs in feedOPSDA for each class in XRD dataset. The red
arrow indicates the loop where the convergence was attained, and the set of selected variables
was obtained.

PLS-DA and SVM-DA results are shown in Table IV.2 and Figure IV.8. In each PLS-
DA cross-validation plot, all red circle samples should be predicted above the dashed black line
(threshold). For all classes, the ErrorCV significantly decreases with variable selection,
reaching a higher sensitivity and specificity of cross-validation. In PLS-DA (Figure 8D and 8I)
and SVM-DA (Figure IV.8E and IV.8J) model plots, ideally, all black diamond samples (class
S) should be predicted as class S, i.e., appearing in the bottom of the figure; all red diamond
samples (class 1) should be predicted as class I (the middle of the figure); and all blue diamond
samples (class R) should appear in the top of the figure being classified as class R. In full
models, the training set is correctly classified, but in the test set, there is misclassification in
both models. In full-SVM-DA, all samples were predicted in the class R, showing zero
sensitivity for classes S and I. In OPSDApls, no misclassification is observed in both sets,
training and test. However, in OPSDAsvm, the test set still presented classification errors, with

an increase of sensitivity for class 1.
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Table IV.2. Statistical parameters of PLS-DA and SVM-DA models using all variables and
selected variables by feedOPSDA for XRD dataset.

PLS-DA SVM-DA
Full OPSDA Full OPSDA
Class Suscetible (S)
nvars 3 3 (6.55, 1.23) (5.60, 1.32)
nlvs / (y,6°) 601 63 601 63
Sensitivity (Training) 1.000 1.000 1.000 1.000
Sensitivity (Test) 0.667 1.000 0.000 0.000
Specificity (Training) 1.000 1.000 1.000 1.000
Specificity (Test) 0.667 1.000 1.000 1.000
Error (Training) 0.000 0.000 0.000 0.000
Error (Test) 0.333 0.000 0.333 0.333
Class Intermediate (1)
nvars 3 3 (16, 2.48) (161, 241)
nlvs / (v,6°) 601 63 601 63
Sensitivity (Training) 1.000 1.000 1.000 1.000
Sensitivity (Test) 0.667 1.000 0.000 1.000
Specificity (Training) 1.000 1.000 1.000 1.000
Specificity (Test) 0.500 1.000 1.000 0.333
Error (Training) 0.000 0.000 0.000 0.000
Class Resistant (R)

nvars 3 3 (101, 729) (4.07, 159)
nlvs / (y,6°) 601 63 601 63
Sensitivity (Training) 1.000 1.000 1.000 1.000
Sensitivity (Test) 0.000 1.000 1.000 0.667
Specificity (Training) 1.000 1.000 1.000 1.000
Specificity (Test) 1.000 1.000 0.000 1.000
Error (Training) 0.000 0.000 0.000 0.000
nvars 0.333 0.000 0.667 0.111

nvars: number of variables; nlvs: number of latent variables; y and 6°: optimization parameters
of SVM-DA.
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In Figure IV.6B, it is displayed the global selected variables used to build classification
models. The selected variables provide a better class separation of sugarcane genotypes stalk
samples in susceptible, intermediate, or resistant to sugarcane borer using XRD and OPSDA

regarding the full model.
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Figure IV.8. Cross-validation Y prediction values for XRD dataset in full-PLS-DA (A-C) and
OPSDApIs (F-H). In each PLS-DA cross-validation plot, the red circles (®) are samples that
refer to the class showed in the y-axis. Black squares (m) are samples that refer to other classes.
In (A-C) and (F-H) the horizontal dashed black line indicates the threshold selected in PLS-DA
method. Classification by full-PLS-DA (D), full-SVM-DA (E), OPSDApIs (1), and OPSDAsvm
(J) models. Black diamonds (¢ and Q) represents class S, red diamonds (¢ and 0) represents
class I, and blue diamonds (¢ and 0) represents class R. In (D-E) and (I-J), filled shapes refer to
training samples and the empty ones refer to test samples; the horizontal dashed black line
merely indicates a class mark.

Mass Spectrometry (MS)

In this dataset, the feedOPSDA algorithm also provided the best set of variables. Full data
array was composed of 1697 variables or m/z values. The number of selected variables
decreases in each loop until achieving a criterion. Convergence was reached with five, three,
three, and five loops for class A, B, C, and D, respectively (Figure IV.9). Coincidentally, using
the REG x SQR as the informative vector for all classes in all selection runs, a set of variables
was selected for each class. For this dataset, four sets of variables were used to build individual
models for each class using the one class-vs-all strategy. A classification model was built to
predict whether a given sample belongs or not to class A. Another classification model was
built to predict if a given sample belongs or not to class B, and so on for classes C and D.

PLS-DA and SVM-DA results for full and OPSDA models are shown in Table IV.3 and
Figure IV.10. In each PLS-DA cross-validation plot, all red circle samples should be predicted
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above the dashed black line (threshold). For class 2 and 4, good predictions were obtained with
the full model (Figure IV.10B and IV.10D). OPSDA model provided the max of sensitivity and

specificity in all classes, giving ErrorCV = 0 for all classes.

REG REG
X X
SQR

=123 §12345
=] =
Class C Class D

Figure IV.9. Number of selection runs in feedOPSDA for each class in XRD dataset. The red
arrow indicates the loop where the convergence was attained, and the set of selected variables
was obtained.

Figure IV.10I and IV.10K show the class prediction of the full-PLS-DA and full-SVM-
DA models, respectively, and in Figure IV.10J and IV.10L, the class prediction of the
OPSDApls and OPSDAsvm models, respectively. Ideally, all black diamond samples (class 1)
should be predicted as class 1, i.e., appearing in the bottom of the figure All red diamond
samples (class 2) should be predicted as class 2 (the bottom middle of the figure) All blue
diamond samples (class 3) should be predicted as class 3 (the top middle of the figure); All
green diamond samples (class 4) should appear in the top of the figure being classified as class
4. From full models, all classes presented high sensitivity and specificity in training set in PLS-
DA and SVM-DA models. In the test set, the full-SVM-DA also presented excellent
predictability. On the other hand, for classes 1 and 3 in the test set, the sensitivity and specificity
are lower than 1 in full-PLS-DA. From OPSDA models, for both PLS-DA and SVM-DA
models, the sensitivity and specificity are ideal from training and test samples. In Figure IV.11,
it is displayed the selected variables for each class provided by one class-vs-all strategy. The
selected variables are different in each class, providing better class separation, and
consequently, it was possible to classify beer samples correctly according to breweries using

MS and OPSDA.
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Table IV.3. Statistical parameters of PLS-DA and SVM-DA models using all variables and selected variables by feedOPSDA for MS dataset.

PLS-DA SVM-DA PLS-DA SVM-DA
Full OPSDA Full OPSDA Full OPSDA Full OPSDA
Class A Class B
nlvs / (y, 6%) 7 7 (422, 10581) (323, 748) 7 7 (18, 10883) (25, 2156)
nvars 1697 430 1697 430 1697 30 1697 30
Sensitivity (Training) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Sensitivity (Test) 0.917 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Specificity (Training) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Specificity (Test) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Error (Training) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Error (Test) 0.042 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Class C Class D
nlvs / (y, 6%) 7 7 (131, 4372) (270, 4769) 7 7 (1077, 4723) (92, 539)
nvars 1697 60 1697 60 1697 140 1697 140
Sensitivity (Training) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Sensitivity (Test) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Specificity (Training) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Specificity (Test) 0.949 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Error (Training) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Error (Test) 0.042 0.000 0.000 0.000 0.000 0.000 0.000 0.000

nvars: number of variables; nlvs: number of latent variables; y and o°: optimization parameters of SVM-DA.
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PLS-DA Cross-validation
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Figure IV.10. Cross-validation Y prediction values for MS dataset in full-PLS-DA (A-D) and
OPSDApIs (E-H). In each PLS-DA cross-validation plot, the red circles (®) are samples that
refer to the class showed in the y-axis. Black squares (m) are samples that refer to other classes.
In (A-H) the horizontal dashed black line indicates the threshold selected in PLS-DA method.
Classification by full-PLS-DA (I), full-SVM-DA (K), OPSDApls (J), and OPSDAsvm (L)
models. Black diamonds (¢ and Q) represents class A, red diamonds (¢ and 0) represents class
B, blue diamonds (¢ and ©) represents class C, and green diamonds (¢ and 0) represents class
D. In (I-L), filled shapes refer to training samples and the empty ones refer to test samples; the
horizontal dashed black line merely indicates a class mark.

In NIR dataset, the classification models were built to discriminate only two classes. In

this case, OPSDA significantly enhances the predictability for both classes. When the number

of classes increases, as in XRD and MS datasets, the model complexity also increases, and the

gain of sensitivity can result in a loss of specificity, as happened in XRD. For this reason, in

MS dataset with four classes, the one class-vs-all strategy was used to achieve the best

classification results. The global results for MS dataset (results not shown) presented the gain

of sensitivity for one class with the loss of specificity for another. Besides that, classification

models built with selected variables for each class resulted in models more simple for

interpretation. Therefore, in general, OPSDA algorithms were able to improve class predictions

using either PLS-DA or SVM-DA methods.
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Figure IV.11. MS spectra with selected variables by OPSDA for class A (A), class B (B), class
C (C), and class D (D).

Conclusion

The new OPSDA algorithms, autoOPSDA, feedOPSDA, and iOPSDA were applied to
build classification models using PLS-DA and SVM-DA methods in NIR, XRD, and MS
datasets. Overall, these new algorithms were able to enhance the model prediction power and
reduce the number of variables significantly in all datasets. The OPSDA can provide a set of
selected variables for each class separately, and this could make models simple for
interpretations. Besides, the expansion of the OPS method to classification problems with two
or more classes was successfully developed. Therefore, OPSDA could be applied to select
variables to build classification models independent of the number of classes. In addition,
selected variables by OPSDA can be used in discriminant analysis using different classification

methods.
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CONCLUDING REMARKS

New comprehensive and versatile OPS methods for regression and supervised pattern
recognition were developed. The prediction performance of the new OPS strategies for
regression outperformed the OPSvl. These new methods were applied to several types of
datasets, and their external prediction was better in comparison to other variable selection
methods. The choice of the variable selection method is a crucial step to be considered due to
the significant differences of the algorithms running time. The dataset matrix dimensions have
a more pronounced effect in running time, while the number of latent variables has a minor
effect. Although the OPS methods were not the fastest algorithms, they provided the most
predictive and interpretative models in comparison to other variable selection methods.
Regarding the OPS methods for classification, the OPSDA algorithms select variables for each
class separately, independent of the number of classes, which has the potential to make models
simple for interpretation. Also, the variables selected by the OPSDA methods could be used for
discriminant analysis using different supervised pattern recognition methods. Overall, the new
OPS methods proved to be a universal and powerful method that significantly improved the

prediction ability for regression and classification purposes.
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