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ABSTRACT

CARDOSO, Wilson Junior, D.Sc., Universidade Federal de Vigosa, March, 2023. Improving
the accuracy of multivariate models: a study of sample dehydration and data
preprocessing optimization. Adviser: Reinaldo Francisco Teofilo. Co-Adviser: Jussara
Valente Roque.

The aim of this thesis is to study approaches to improve the accuracy of multivariate models.
Two approaches were considered, one relating to sample preparation and the other related to
data preprocessing. The first chapter aimed to study sample dehydration to improve the
prediction of sucrose, glucose, and fructose in sugarcane juice using near-infrared (NIR)
spectroscopy and partial least squares (PLS) regression models. Models using the NIR spectra
acquired using the liquid (LSJ) and dehydrated sugarcane juice (DSJ) were compared. In
addition, the NIR spectra were acquired using a benchtop and a portable instrument. Ordered
predictors selection (OPS) was applied to select the most informative variable. The results
indicated better predictions for all sugars using the DSJ for both instruments, being the benchtop
statistically better than the portable instrument. To sum up, the dehydration approach showed
to be a great technique to improve the predictability of PLS-OPS models for sugars in sugarcane
juice using NIR spectra by removing the water and concentrating the analytes. The second
chapter presented an algorithm that automatically searches for the best preprocessing strategy
without fixing their order based on the artifact they fix, i.e., baseline correction, scatter
correction, noise removal, and scaling. The number of preprocessing methods in each strategy
and their hyperparameters were evaluated. The algorithm was compared with methods
presented in the literature by Gerretzen et al. (2015) and Jiao et al. (2020). A fair, extensive,
and comprehensive study was carried out, evaluating 67 different calibration datasets. This
work demonstrated that not fixing the order in which the preprocessing is applied was essential
to find the best models with a significant reduction in the RMSEP values when compared with
the other methods, therefore presenting a comprehensive insight into data preprocessing. These
results showed that a proper sample preparation and a proper optimization of the data

preprocessing strategy are fundamental to build the best models.

Keywords: Chemometrics. Sample Preparation. Water Removal. Data Preprocessing.



RESUMO

CARDOSO, Wilson Junior, D.Sc., Universidade Federal de Vigosa, margo de 2023.
Melhorando a eficiéncia de modelos multivariados usando a desidratacao de amostra e
otimizando o pré-processamento de dados. Orientador: Reinaldo Francisco Tedfilo.
Coorientadora: Jussara Valente Roque.

O objetivo desta tese ¢ estudar diferentes metodologias para melhorar a acuracia de modelos
multivariados. Duas abordagens foram consideradas, uma relativa ao preparo de amostra e outra
relacionada ao pré-processamento dos dados. O objetivo do primeiro capitulo foi estudar a
desidratacdo como forma de melhorar a predicao da concentracdo de sacarose, glicose e frutose
no caldo de cana-de-agticar usando espectroscopia de infravermelho proximo (NIR) e regressao
por quadrados minimos parciais (PLS). Os modelos utilizando os espectros NIR adquiridos a
partir do caldo liquido (LSJ) e desidratado (DSJ) foram comparados. Além disso, os espectros
NIR foram adquiridos usando um instrumento de bancada e um instrumento portatil. A selecao
de preditores ordenados (OPS) foi aplicada para selecionar as variaveis mais informativas. Os
resultados indicaram melhores predi¢cdes para todos os acucares utilizando o DSJ para ambos
os instrumentos, sendo o de bancada estatisticamente melhor que o instrumento portatil. Em
suma, a desidratacdo da amostra mostrou ser uma 6tima técnica para melhorar a acuracia dos
modelos, removendo a dgua e concentrando os analitos. O objetivo do segundo capitulo foi
apresentar um algoritmo que busca a melhor estratégia de pré-processamento sem fixar sua
ordem com base no artefato que eles corrigem, ou seja, corre¢do de linha de base, corre¢ao de
dispersdo, remog¢ao de ruido e dimensionamento. O numero de métodos de pré-processamento
em cada estratégia e seus hiper-parametros foram avaliados. O algoritmo foi comparado com
métodos apresentados na literatura por Gerretzen et al. (2015) e Jiao et al. (2020). Um estudo
imparcial, extenso e abrangente foi realizado neste trabalho, avaliando 67 conjuntos de dados
de calibracdo diferentes. Este trabalho demonstrou que nao fixar a ordem de aplicagdo do pré-
processamento foi essencial para encontrar os melhores modelos com redugao significativa nos
valores de RMSEP quando comparados com os outros métodos, apresentando, portanto, uma
visdo abrangente sobre o pré-processamento de dados. Esses resultados mostraram que uma
preparacdo adequada da amostra e uma otimizagdo adequada da estratégia de pré-

processamento de dados sdo fundamentais para construir os melhores modelos.

Palavras-chave: Quimiometria. Preparo de Amostra. Remogio de Agua. Pré-processamento de

dados.
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OVERVIEW

This document is divided into two chapters, and it is organized in the following manner:

Chapter I reports an algorithm that automatically optimizes the data preprocessing
strategy and their hyperparameters without fixing their order based on the artifact they fix, i.e.,
baseline correction, scatter correction, noise removal, and scaling. The influence of the number
of preprocessing methods in the preprocessing strategy was evaluated. The algorithm was
compared with the ones presented in the literature.

Chapter 1II reports a dehydration method to improve the accuracy of the NIR-based
models to predict the contents of sucrose, glucose, and fructose in the sugarcane juice. The
models using the dehydration method were compared with the models using the liquid juice.
All models were built using a benchtop and portable instrument. In addition, the algorithm
developed in Chapter I was used to optimize the preprocessing strategy of the models.

The two chapters, although independent, are complementary as they cover methods to

improve the accuracy of the models.
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GENERAL INTRODUCTION

High-dimensional data has become widely used in many fields as it can replace time-
consuming analysis when combined with chemometrics methods '>. However, the quality of
the data is crucial to obtain accurate results. Data can be affected by instrument or analytical
artifacts, so data preprocessing plays a significant role in removing these artifacts and ensuring
that the resulting model accurately represents the real system *. Therefore, preprocessing
methods are mainly used to remove artifacts, such as noise, baseline shift, slope, non-
informative variables, and light scattering, generating a more interpretive and robust model >°.

Near-infrared spectroscopy (NIR) is a versatile analytical technology that can be used
as an alternative to expensive, time-consuming routine analysis. It is fast, inexpensive, and
requires little or no sample preparation '°!4. However, the predictive accuracy of NIR-based
models can be directly affected by the sample preparation.

Although NIR does not require an extensive sample preparation, studies have shown
that proper sample preparation should be considered to ensure meaningful and reliable
analytical results '°22. In aqueous samples, water highly absorbs NIR radiation, making it
difficult to access the overlapping information, thus making the models less predictive 2*2°,
Usually, these inferences are removed by selecting wavelength ranges or by preprocessing the
data, but these methods are not always effective 2",

However, selecting an optimal preprocessing method is not an easy task and is
commonly referred to as one of the main bottlenecks in data modeling 7*!3*, Preprocessing
selection is generally chosen based on trial and error, visual inspection, and past experiences
3336 There are thousands of different preprocessing possibilities to try, and it is difficult to
determine the optimum preprocessing by just looking at the data. Each dataset has its
peculiarities causing the most suitable preprocessing strategy to differ. Therefore, the tedious
procedure of manual preprocessing must be repeated for different datasets.

Several preprocessing optimization strategies have been introduced in the literature,
including the genetic algorithm, design of experiments, and algorithm evaluation *2"*°, Some
of the optimization methods presented in the literature require significant computational
resources and may be specific to certain types of data. Also, the methods that use experimental
designs focus on a search space limited by the number of levels of the design. Furthermore,

these works concluded that the effect of preprocessing is highly data-dependent, and therefore

the preprocessing strategy should be optimized for each dataset individually.
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Therefore, the general goals of this work are: (i) to develop a simple algorithm to
optimize data preprocessing strategies, (ii) to study the influence of water removal and data
preprocessing on NIR-based models to predict sugarcane carbohydrates aiming at improving

the prediction power of the multivariate models.
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CHAPTER1

Sequence Combination Preprocessing Optimization with Constraint Matrix: A Comparison of

67 Different Datasets
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ABSTRACT

The aim of this work was to present an algorithm that automatically searches for the best
preprocessing strategy without fixing their sequence based on the artifact they fix. The number
of preprocessing methods in each strategy and their hyperparameters were evaluated. The
algorithm was compared with methods presented in the literature by Gerretzen et al. (2015) and
Jiao et al. (2020). A fair, extensive, and comprehensive study was carried out, evaluating 67
different calibration datasets. The results showed that using a combination of three
preprocessing methods in the preprocessing strategy resulted in an average root mean squared
error of prediction (RMSEP) reduction of 31.2%, while using the combination of two
preprocessing resulted in an average RMSEP reduction of 27.3% and using only one
preprocessing method resulted in an average RMSEP reduction of 18.4%. The comparison with
methods presented in the literature showed that the method proposed resulted in an average
RMSEP reduction of 31.7%. In comparison, Gerretzen et al. method presented an average
RMSEP reduction of 16.1%, and the Jiao et al. method presented an average RMSEP reduction
of 20.6%. Overall, this work demonstrated that not fixing the sequence that the preprocessing
is applied and permutating all methods were essential to find the best models with a significant
reduction in the RMSEP values when compared with the other methods, therefore presenting a

comprehensive insight on preprocessing.

Keywords: Chemometrics; Calibration; Partial Least Squares.
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1- INTRODUCTION

Nowadays, high-dimensional data analysis has become indispensable due to the rapid
and continuous development of analytical technologies and its capability to replace laborious
analysis !. The interpretation of such complex data requires a meticulous design of a proper
modelling pipeline. In a typical modelling pipeline, data collection governs the initial quality
of the data for interpretation. However, the quality of the data may be highly constrained due
to hardware limitations. Data preprocessing therefore plays an essential role in the modeling
process 4 to remove instrumental and other analytical artifacts and enhance the chemical
information of interest, so that quantitative or qualitative models (from partial least squares to
deep neural networks) may focus on the actual chemistry represented in the data.

In data analysis, preprocessing methods are mainly used to remove known artifacts with
a known representation in the data, such as noise, baseline shift, slope, non-informative
variables, and light scattering through the sample. These factors seriously decrease the signal-
to-noise ratio and need to be eliminated to generate interpretative and robust models °. Each
dataset will contain several artifacts originating from the instrument or sample and therefore
requires a multifactorial specific and optimal preprocessing strategy to reconstruct the specific
relationship of the spectra with the sample property of interest. Designing, optimizing, and
selecting such optimal preprocessing is currently one of the main bottlenecks in data modeling

6-10

Based on the literature, preprocessing is generally chosen by combining different
preprocessing techniques based on trial-and-error, visual inspection, and past experiences '12,
Researchers may combine techniques that previously worked for themselves or were presented
in the literature, without evaluating optimally in the currently studied dataset. This empirical
approach typically cannot guarantee an optimal preprocessing selection. Manual preprocessing
selection also has crucial challenges, which includes: (i) there are thousands of different
preprocessing possibilities to try, (ii) it is difficult to determine the optimum preprocessing by
just looking at the data, and (iii) past experiences might work only for similar data, and
preprocessing needs to be updated in time even for the same analyzed system '°. Despite
everything, each data has its own peculiarities causing the most suitable preprocessing strategy
to differ, which means that the tedious procedure of manual preprocessing must be repeated for

different datasets. This strongly underpins the need for automated and evidence-based

preprocessing optimization and search.
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A few preprocessing optimization strategies have been introduced in the literature.
Jarvis and Goodacre (2005)'* presented an application of the genetic algorithm to optimize data
preprocessing. The method includes thirteen different preprocessing methods and variations of
their hyperparameters, resulting in 50 different preprocessing variations. The approach assessed
approximately 100.000 preprocessing combinations and a computation time of nearly 5 days.
Devos and Duponchel (2011)'° presented a similar approach, which used a parallel genetic
algorithm to optimize preprocessing strategy for support vector machines (SVM) and partial
least squares - discrimination analysis (PLS-DA) models. Gerretzen et al. (2015)!® presented an
optimization method using design of experiments (DoE) to determine the best preprocessing
strategy. This method was popularly used due to its simplicity and near-to-optimal
performance. The DoE evaluated eighteen different preprocessing methods, and it was able of
reducing the computation time from a day to less than an hour, finding similar results evaluating
only a small fraction of the 4900 possible preprocessing combinations. Although the method
presented satisfactory results, it is limited to a few preprocessings, according to the number of
factors used in the DoE. The DoE requires previous knowledge about the effects of the
preprocessing and the order of the preprocessing must be fixed to calculate the individual and
combined effects. Zheng et al. (2017)!7 applied a similar DoE-based approach to optimize the
preprocessing strategy. Another practical and effective preprocessing optimization strategy was
proposed by Jiao et al. (2020)'8. In this work, the authors created an algorithm that evaluates
108 preprocessing strategies commonly used in the literature. These works concluded that the
effect of preprocessing is highly data-dependent, and therefore the preprocessing strategy
should be optimized for each dataset individually.

There are a few automated preprocessing optimization methodologies proposed in the
literature, however these methodologies lack a more comprehensive assessment of the

18 or arc

preprocessing strategies. These methods evaluate too few preprocessing strategies
limited by the design factors (fixed order) and levels studied when using a DoE approach '°.
Although these methods were capable of find a preprocessing strategy that improved the
performance when compared to using no preprocessing, the best preprocessing combination
among the preprocessing methods evaluated might not been found due to the limited searching
space imposed by the methodology used.

This work presents an approach that automatically searches for the best preprocessing
strategy by combining the preprocessing methods assessed without fixing the sequence that

they are applied. The approach was called Preprocessing Optimizer (PPO). The PPO was

compared with the methods presented in the literature by Gerretzen et al. '® and Jiao et al. '3, In
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addition, the number of preprocessing methods applied in the pipeline and the effect of
preprocessing hyperparameters optimization were evaluated. The proposed method reduces the
time and effort involved in this step, aiding unexperienced users, thus facilitating the
achievement of the analysis purpose, choosing the best preprocessing strategy with its

hyperparameters, therefore presenting a comprehensive insight on preprocessing.
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2 - METHODS
2.1 - DATASETS

Preprocessing optimization analysis can often be biased when tested on too little
datasets. To carry out a fair, extensive, and comprehensive study for data preprocessing
optimization, 67 different calibration cases were evaluated. The different calibration cases were
obtained from 14 publicly available data sources. Some of the datasets contain samples obtained
using different instruments or different properties, leading to 67 calibration cases. A detailed

description of each dataset can be seen in Table I-1.



Table I-1. Calibration cases used to evaluate the preprocessing optimization algorithm.
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Case Matrix Source Instrument Property Samples Variables Range

1 Catechol pmol L 38 221 270 - 380 nm

2 Mixture ° Fluorescence . Hys:ggff??ne 38 221 270 - 380 nm

3 Phenol pmol L! 38 221 270 - 380 nm

4 Roasted coffee % GC - Quality Score 159 860 2.1-19.2 min

5 Moisture wt % 80 700 1100 - 2498 nm
6 MS Oil wt % 80 700 1100 - 2498 nm
7 Protein wt % 80 700 1100 - 2498 nm
8 Starch wt % 80 700 1100 - 2498 nm
9 Moisture wt % 80 700 1100 - 2498 nm
10 Oil wt % 80 700 1100 - 2498 nm

Corn 2! NIR MP5 :

11 Protein wt % 80 700 1100 - 2498 nm
12 Starch wt % 80 700 1100 - 2498 nm
13 Moisture wt % 80 700 1100 - 2498 nm
14 MP6 Oil wt % 80 700 1100 - 2498 nm
15 Protein wt % 80 700 1100 - 2498 nm
16 Starch wt % 80 700 1100 - 2498 nm
17 >0 % bojgng point 445 401 750 - 1550 nm
18 Cetane Number 381 401 750 - 1550 nm
19 Diesel NIR - Density g mL! 395 401 750 - 1550 nm
20 Flash °C 395 401 750 - 1550 nm
21 Freezing point °C 395 401 750 - 1550 nm
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Case Matrix Source Instrument Property Samples Variables Range

22 Towlaromatics Wt 395 401 750 - 1550 nm

23 Viscosity ¢St 395 401 750 - 1550 nm

24 Casein wt % 231 117 1104 - 2496 nm

25 o Glucose wt % 231 117 1104 - 2496 nm

Grain NIR -

26 Lactate wt % 231 117 1104 - 2496 nm

27 Moisture wt % 231 117 1104 - 2496 nm

28 ) ) Moisture wt % 32 664 850 - 2443 nm
NIR Bomen MB 160 Diffusir

29 Sugar wt % 32 664 851 - 2443 nm

30 i Moisture wt % 32 950 3800 - 650 cm!
MID PerkinElmer System 2000

31 Sugar wt % 32 950 3801 - 650 cm’!

32 Moisture wt % 32 406 1050 - 2147 nm
NIR Infraprover II

33 Marzioan 22 Sugar wt % 32 406 1050 - 2147 nm

arzipan
34 P , Moisture wt % 32 1000 450 - 2448 nm
Vis-NIR NIRSystems 6500

35 Sugar wt % 32 1000 450 - 2448 nm

36 Moisture wt % 32 600 850 - 2048 nm
NIR NIRSystems 6500

37 Sugar wt % 32 600 850 - 2048 nm

38 Moisture wt % 32 100 850 - 1048 nm
NIR Infratex 1255

39 Sugar wt% 32 100 850 - 1048 nm

40 Gasoline 2 NIR - Octane Number 60 401 850 - 1048 nm

41 o4 . Ergosterol mg g™! 108 1050 400 - 2498 nm

Soil Vis-NIR - -
42 Organic Matter % 108 1050 400 - 2498 nm
43 Tablets 2° NIR - Active compound 5, 404 10507 - 7400 cm”!

wt %




Case Matrix Source Instrument Property Samples Variables Range

44 Wheat 26 NIR - Protein wt % 523 100 850 - 1048 nm
45 Cl4 105 5667 1900 - 200 cm™!
46 Cl6 105 5667 1900 - 200 cm™!
47 Cl17 105 5667 1900 - 200 cm™!
48 C18 105 5667 1900 - 200 cm™!
49 C20 105 5667 1900 - 200 ¢cm™!
Pork Fat ¥’ Raman - :
50 Iodine Value wt % 105 5667 1900 - 200 ¢cm™!
51 MUFA % 105 5667 1900 - 200 ¢cm™!
52 PUFA % 105 5667 1900 - 200 ¢cm™!
53 SFA % 105 5667 1900 - 200 ¢cm™!
54 UFA % 105 5667 1900 - 200 ¢cm™!
55 Tablets 2! Raman ; Active ﬁ;mp"“nd 120 3401 3600 - 200 cm”!
0
56 Butanol % 231 1077 0.64 - 3.84 ppm
57 Mixture 2 NMR - Pentanol % 231 1077 0.64 - 3.84 ppm
58 Propanol % 231 1077 0.64 - 3.84 ppm
59 Assay 655 650 600 - 1898 nm
60 Instrument 1 Hardness 655 650 600 - 1898 nm
61 Tablets 2! Vis.NIR Weight g 655 650 600 - 1898 nm
ablets is-

62 Assay 655 650 600 - 1898 nm
63 Instrument 2 Hardness 655 650 600 - 1898 nm
64 Weight g 655 650 600 - 1898 nm
65 Mixture Voltammetry - Ascorbic acid pmol 32 525 00I-15V

L-l




32

Case Matrix Source Instrument Property Samples Variables Range
66 Uric acid pmol L! 32 525 0.01-15V
67 Dopamine pmol L! 32 525 0.01-15V

GC: gas chromatography; NIR: near-infrared spectroscopy; MID: mid-infrared spectroscopy; Vis-NIR: visible and near-infrared spectroscopy; and NMR: nuclear magnetic resonance.
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2.2 - PREPROCESSING METHODS

Each data can be affected by instrumental and sampling artifacts, originated from the
instrument used, such as noise, baseline deviation, slope, and light scattering, or from the
sample, such as the scale of the variables. Each artifact, or their combination, can be corrected
using a preprocessing strategy. There is no rule about the order in which the preprocessing
methods should be applied. Therefore, the need to try different combinations to find the suitable
one. The proposed algorithm includes twenty-three different preprocessing methods, 1)
smoothing (SG)%, 2) first derivative (SG1D)%, 3) second derivative (SG2D)%, 4) asymmetric
least squares (AsLs)*°, 5) baseline offset (BO)>!®, 6) detrending (D)>'®, 7) linear baseline
(LB)>!6, 8) multiplicative scatter correction (MSC)!, 9) net analytical signal (NAS)*?, 10)
normalization (Norm), 11) pairwise detrending (PD)'8, 12) standard normal variate (SNV)*?,
13) robust normal variate (RNV)**, 14) autoscaling (AS), 15) level scaling (LS)>!®, 16) mean
centering (MC), 17) mean scaling>!%, 18) median scaling>!, 19) minimum scaling>'®, 20)

Pareto scaling (PS)>!'®, 21) Poisson scaling (POS)>!®, 22) power scaling™>!®

, and 23) range
scaling (RS)>!'®. A more detail description can be found in Table I-2. All preprocessing methods

were selected based on literature review and previous experience.
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Table I-2. Preprocessing methods included in the algorithm.

Method Equation

Description

Smoothing %°

First Derivative %

w-l
1l <&

X, :H i,;jaiX‘+i
2

Second Derivative 2°

Where x represents the input value, w represents the filter size, a
represents the polynomial coefficient, and h is the normalizing
factor

AsLs % Q=X (1-p)(v, ~£) +2 X (A% )

i

Where y represents the input data, p is asymmetric parameter, A
smoothing factor, fis a smooth trend, and A is the difference
operator.

Baseline Offset >'¢ X, =X, —min(x,)

Where x;i represents the i row of X

Detrending >

x, =Y B, (x)’

Where 3, represents the coefficients of polynomial of order n
that fits x; against the number of variables in x;

X. —X
ij

Where xj; represents the last variable and xi; the first variable in

Li B li >,16 X =%, —( p - -X;) .. .
freat Baseine J Xi, and j is the total number of variables

MSC 3! X, =P, +Bx, Where Po and B are the coefﬁC}ents of the pol_ynormal of order 1

that fits x; against the mean X
Where I is the identity matrix, Xk is the matrix representing the
NAS 32 x, =[I-(X )X, Ix space spanned by the spectra of all other analytes except k, X

is its pseudoinverse.
o _ X Where [x,] can be the norm to unit area, norm to unit length, or
Normalization X, = T

norm to maximum value

Pairwise Detrending '® X, = Zn:Bn (x)"

Where B represents the coefficients of the polynomial of order n
that fits x; against X

33 X = Li‘ . +th
SNV T o) Where x; represents the 1" row of X
34 X, —percentile(x,, k) . . th .
RNV X=5 d(x_< percentile(x _K)) Where percentile(x;,k) is the k™ percentile of x
X —X.
Autoscaling X; = stJdT.J) Where xj represents the j™ column of X
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Method Equation Description
X. —X.
Level Scaling > X == Where xj represents the j™ column of X
Mean Centering X; =X, —X| Where x; represents the j' column of X
Mean Scaling !¢ X, =X, X, Where x; represents the i row of X and X is the average of x;
Median Scaling >!¢ X, =X —X,

Where x; represents the i row of X and x is the median of x;

Minimum Scaling

Where i represents the i row and j the j column of X and X is

X, =X, +X, the average of xj

X, —X,

Pareto Scaling > X; = th 5 (XJ) Where xj represents the j column of X
]

: o 516 AR ‘th
Poisson Scaling X; = Where x; represents the ™ column of X
i

Power Scaling >!6 X, =%, —mean(\/z ) Where xj represents the j™ column of X

X, —X.

Range Scaling > T max(xjj)—rrjlin(xj)

Where xj represents the j™ column of X

AsLs: asymmetric least squares; MSC: multiplicative scatter correction; NAS: net analytical signal; SNV: standard normal variate; and RNV: robust normal variate.
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2.3 - OPTIMIZATION ALGORITHM AND CONSTRAINT MATRIX

The PPO combines the preprocessing methods selected, up to three preprocessing
methods in the preprocessing strategy, without fixing the sequence in which the preprocessing
is performed. As some preprocessing methods has hyperparameters, i.e., parameters that need
to be set before executing the preprocessing method, such as: i) as filter size and polynomial
order for Savitzky-Golay derivatives; i) smoothing factor and asymmetric parameter for AsLs;
1i1) the number of components for NAS; iv) the type of norm for normalizing; v) the order for
pairwise detrend, and vi) the percentile for RNV, the PPO also optimizes the preprocessing
methods’ hyperparameters prior to the search.

The main advantage of the PPO is that it searches for the best preprocessing strategy in
a larger number of possibilities and considers the optimizations of the preprocessing methods’
hyperparameters when compared with Gerretzen et al.'® and Jiao et al.'®. The hyperparameters
for Gerretzen et al.'® algorithm must the set a priori and Jiao et al.'® optimizes the
hyperparameters a prior, but both searches for the best preprocessing strategy considering a

limited searching space. Figure I-1 shows a flowchart of the proposed method and the methods

1_16 1.18 1.16

presented by Gerretzen et al.”® and Jiao et al.”®. Gerretzen et al."® methodology is based on
design of experiments, therefore the searching space is limited to the factors and levels defined
for the design, in addition, a preprocessing sequence needs to be defined to apply the
preprocessing methods and also the hyperparameters values set a priori. Consequently,
considering a factorial design, only 16 preprocessing strategies are evaluated. Jiao et al.'®
method is a compilation of 108 preprocessing strategies commonly used in the literature, also

the hyperparameters are optimized prior to the search.



(A) (B) (€)

S e |
| S

Full Factorial
Constraints Design

Baseline

Scatter Scaling &
Correction L Step ’ Transformations

Figure I-1. Flowchart of (A) the proposed optimization method, (B) Gerretzen et al. '® method, and (C) Jiao et al. '® method.
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The PPO algorithm evaluates the preprocessing strategy by combining different
preprocessing methods. As some preprocessing methods have hyperparameters, with a
combination of more than 3 preprocessing methods, the number of different strategies is too
large, which is time-consuming and could take days depending on the data size. For instance,
with a maximum combination of 3 preprocessing methods, considering all preprocessing
methods available and their hyperparameters, the algorithm would assess 1,955,028 different
preprocessing strategies, which is not practicable. Therefore, to reduce the number of
preprocessing strategies to be evaluated, the hyperparameter of each preprocessing method is
optimized first, and then the preprocessing combinations are evaluated. Each preprocessing
method with hyperparameter is evaluated individually and the hyperparameter that returns the
smallest root mean square error of cross-validation (RMSECV) is selected and set for
subsequent search for the best preprocessing strategy. This approach reduced the number of
preprocessing combinations to 12,721. The hyperparameters values of the preprocessing
methods assessed in this work can be found in Table I-3. The effects of hyperparameters
optimization were evaluated comparing the prior optimization of each hyperparameters and the
use of their default values. The default values were defined based on values most used in other

chemometric softwares.

Table I-3. Hyperparameters values set for each preprocessing method.

Preprocessing Hyperparameter Values of the Hyperparameter Default Values
Method
Smoothing Filter size 357911131517192123 13
. o Filter size 357911131517192123 13
First derivative -
Polynomial order 1234 2
o Filter size 357911131517192123 13
Second derivative -
Polynomial order 1234 2
Normalize Type 12 Inf 3
Detrend Order 123 2
. 1x10% 1x10% 1x10* 1x10° 1x10°
hing f 0
AeLe Smoothing factor 1107 1x10° 1x10° 1x10
Asymmetric 1x10% 1102 1x10" 1x10°3
parameter
RNV Percentile 1020 30 40 50 30
Pairwise detrend Order 123 2
NAS Component 123 2

AsLs: asymmetric least squares; NAS: net analytical signal; and RNV: robust normal variate

In addition, some constraints (Figure 1-2) were created to avoid unwanted combinations
of preprocessing methods and save computation time, reducing the number of possible

preprocessing strategies to 2,173, which could be executed in suitable time.
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It is important when choosing the preprocessings methods that the users use the
chemical intuition and critical evaluation of the data to choose the preprocessing methods
suitable for each data. The PPO methodology gives the users total autonomy to choose which
preprocessing methods they want to evaluate, the maximum number of preprocessing methods
in the strategy, and the hyperparameters for each dataset. For this work, all preprocessing
methods available were used, and the maximum number of preprocessing methods in the
strategy was set to three. Our purpose in this work is to evaluate the algorithm capability to
select the best preprocessing strategy without intervention of the user. The PPO has potential
to assist nonexperience users in the selection of preprocessing methods.

The PPO algorithm was implemented in MATLAB 2019a (Math Works, Natick, USA).

Gerretzen et al.!® and Jiao et al.'® was also executed in MATLAB environment.

None
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Figure I-2. Constraints of the optimization algorithm. The blue boxes indicate that the preprocessing on
Y-axis will not be performed if the preprocessing on X-axis has already been performed.
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2.4 - ASSESSMENT OF THE PREPROCESSING SEQUENCE

The influence of the sequence in which the preprocessing methods are applied in the
strategy was assessed by comparing the results of all the models created using the PPO
methodology, i.e., without fixing the preprocessing sequence, with the performance of the
models fixing the preprocessing sequence, i.e., first baseline/slope correction, followed by

scattering correction, then smoothing, and finally scaling.
2.5- VALIDATION OF THE OPTIMIZATION ALGORITHM

Each dataset evaluated was split into a calibration set consisting of 70% of the data and
a test set composed of 30% using the Kennard-Stone algorithm 3. Partial least squares (PLS)
regression was used. The dependent variables were always mean-centered. The number of latent
variables and the best preprocessing strategy was selected using the root mean square error of
cross-validation (RMSECV). Ten-fold venetian blinds cross-validation was used, and 1 to 15
latent variables (LV) were evaluated. The number of LV for each model was selected
considering the RMSECYV value using LV and LV+1, if the difference between the RMSECV
using LV and LV+1 is less than 5%, LV is selected. After selecting the best model, the root
mean square error of prediction (RMSEP) was calculated for the test set and used as an accuracy
parameter in this work. In this work, the best model is the model that returned the smallest
RMSECYV value.

To evaluate the number of preprocessing methods that should be applied to the data, the
accuracy when using no preprocessing, one preprocessing method, two preprocessing methods,
and three preprocessing methods were compared.

The PPO algorithm was compared with the ones available in the literature presented by
Gerretzen et al.'® and Jiao et al.'8. These methodologies were chosen as they are simple and can
be executed within a reasonable time when compared with other methods, such as the one using
genetic algorithm that could take days to be executed.

For Gerretzen et al.'® method the number of repeats for validation was set to one, the
number of repeats for optimization was set to 3, and the fraction of data to include in the test

set in validation and optimization was set to 30 %. For Jiao et al.'®

method the number of repeats
was set to one.

The nonparametric Wilcoxon Rank Sum test *® with 95% confidence was used to
evaluate if there are any statistically significant differences between the different methodologies

used. As the properties of interest presented in this work for each dataset has different
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magnitudes, a new index called prediction error index (PEI) was created to facilitate
visualization and comparison. For PEI calculation the RMSEP values of the preprocessing
strategies were normalized according to the RMSEP using the data with no preprocessing, as

follows:

RMSEP strategy

PEI= ( RMSEP, 5y,

) ¥100 Eq. (1)

where RMSEPqiategy is the RMSEP value of the optimum preprocessing strategy, RMSEP ay is
the RMSEP value using no preprocessing, and PEI is the normalized RMSEP value. The PEI
shows how much the RMSEP value increased or decreased compared to the RMSEP using no

preprocessing. Therefore, the PEI using no preprocessing is 100% for all calibration cases.
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3 - RESULTS AND DISCUSSION

The results and discussion section are divided in four parts: i) effects of the
hyperparameters optimization, ii) effects of sequence permutation, iii) effects of the number of

preprocessing in the strategy, and iv) comparison with other preprocessing selection methods.
3.1 - EFFECTS OF HYPERPARAMETERS OPTIMIZATION

The effects of hyperparameter optimization were evaluated comparing the results of the
models using the default hyperparameters values and optimizing the hyperparameters a priori
(Table I-3).

Figure I-3 shows the PEI values of the calibration cases studied using the default and
optimizing the hyperparameters values. Considering all the calibrations cases investigated,
using the default values resulted in the smallest PEI values for 32 calibration cases, with an
average PEI reduction of 32.9%, while optimizing the hyperparameters resulted in the smallest
PEI values for 39 calibration cases, with an average PEI reduction also of 32.7%. No statistical
difference was found between using the default values and optimizing the hyperparameters (p-
value 0.433). Although no statistical difference was found, the optimizing options was used, as

it resulted in smallest PEI values for 39 calibration cases and this step is very fast.
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Figure I-3. PEI values of the calibration cases using the default hyperparameters values (blue circles) and
optimizing the hyperparameters values (yellow circles). The gray bar represents the models using no
preprocessing, i.e., PEI equal to 100%.

3.2 - EFFECTS OF SEQUENCE PERMUTATION

The idea of the proposed algorithm is to evaluate the combination of the preprocessing
methods available without fixing their sequence based on the artifact they fix. There is not an
agreement about the sequence that the preprocessings methods should be applied, however,
Gerretzen et al.'®, based on literature review, proposed that the preprocessing methods should
be applied in the following fixed sequence, first baseline/slope correction, followed by

scattering correction, then smoothing, and finally scaling. Figure 1-4 shows the PEI values of
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the calibration cases using the methodology presented in this work without fixing the
preprocessing sequence and fixing the sequence. Not fixing the sequence, resulted in the
smallest PEI values for 46 calibrations cases, with an average PEI reduction of 32.7%, while
fixing the preprocessing sequence resulted in the smallest PEI reduction for 22 calibration cases,
with and average PEI reduction of 28.4%. Our methodology presented a significative PEI
reduction compared with the method fixing the preprocessing sequence (p-value 6.9x10) with

an average PEI gain of 4.2%.
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Figure I-4. PEI values of the calibration cases using the methodology presented in this work (blue circle)
and fixing the sequence which the preprocessings were applied (yellow circles). The gray bar represents
the models using no preprocessing, i.e., PEI equal to 100%.

3.3 - COMBINATION OF PREPROCESSING METHODS

To analyze the combination of preprocessing methods, the best models for each
regression case using one, two, and three preprocessing methods in the preprocessing strategy
were compared. According to Figure I-5, increasing the number of preprocessing in the strategy
also increased the accuracy of most of the models, i.e., reduced the PEI values. Using a
preprocessing strategy consisting of three different preprocessing methods resulted in the best
models for 52 calibration cases, with an average PEI reduction of 31.2%. In contrast, using a
preprocessing strategy consisting of two different preprocessing methods resulted in an average
PEI reduction of 27.3%, while using only one preprocessing resulted in an average PEI
reduction of 18.7%. The preprocessing strategy using a combination of three preprocessing
methods presented a significative PEI reduction compared to the preprocessing strategy using
two preprocessing methods (p-value 3.6x10°) and the preprocessing strategy using two
preprocessing methods presented a significative PEI reduction compared to the preprocessing
strategy using only one preprocessing method (p-value 8x107®). Therefore, using more than one
preprocessing method is recommended.

These results demonstrated the importance of having an algorithm capable of

performing an automatic preprocessing strategy search, as manual search based on trial-and-
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error is not practicable due to the large number of preprocessing strategy possibilities. Besides
assessing the raw spectra, our methodology performs 24 preprocessing strategies consisting of
one preprocessing, 146 strategies consisting of two preprocessing, and 2002 strategies

consisting of three preprocessing, resulting in 2,173 different preprocessing strategies.
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Figure I-5. PEI values of the calibration cases using one preprocessing method in the pipeline (blue
circles), two preprocessing methods in the pipeline (aqua green circles), and three preprocessing methods
in the pipeline (yellow circles). The gray bar represents the models using no preprocessing, i.e., PEI equal

to 100%.

3.4 - COMPARISON WITH LITERATURE

The PPO was compared with the ones demonstrated in the literature by Gerretzen et
al.'® and Jiao et al.'®. The main advantage of our methodology is that it tries out combinations
of the preprocessing methods available without fixing the preprocessing sequence. Considering
the 67 calibration cases, our methodology presented an average PEI reduction of 31.7%, while
Gerretzen et al.'® and Jiao et al.!® methods presented an average PEI reduction of 20.6% and
16.1%, respectively. The methodology proposed in this work presented a significant PEI
reduction compared to Gerretzen et al.'® (p-value 8.2x10®) and Jiao et al.'® (p-value 8.7x107).
Figure 1-6 shows the PEI values for the 67 calibration cases using the three preprocessing
optimization methodologies. The method proposed in this work resulted in the smallest PEI
values for 48 calibration cases, while Gerretzen et al.'® method resulted in the smallest PEI
values for 8 calibration cases, and Jiao et al.'® method for 12 calibration cases. In addition, our
methodology reduced the number of LV used in the models. Comparing the three
methodologies, the number of LV were the smallest in 62 calibrations cases when using our

1.'® method, and 5 calibration cases using

method, for 5 calibration cases using Gerretzen et a
Jiao et al.'® method. These results support the idea that a more versatile searching methodology
is more robust and crucial in searching for the best preprocessing strategy while also decreasing

the complexity of the models.
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Figure I-6. PEI values (A) and number of latent variables (B) for the methodology presented in this work
(yellow circles), presented by Gerretzen et al.'® (blue circles), and presented by Jiao et al.'® (aqua green
circles) for the 67 calibration cases. The gray bar represents the models using no preprocessing, i.e., PEI
equal to 100%.

Figure I-7 shows the preprocessed spectra and regression coefficients for the best
preprocessing strategy found using the Gerretzen et al.'® method (PEI 66.5%), Jiao et al.'®
method (PEI 73.1%), the method proposed in this work (PEI 51.2%), and using no
preprocessing (PEI 100%) for calibration case 46. In Figure I-7E, it can be observed that as the
PEI values decrease, the absolute weights of the variables marked in red increased, while the
absolute weights of the variables marked white decreased. These results show that allowing the
algorithm to combine the preprocessing methods is an advantage as a larger searching space is
used. Besides reducing the PEI value, our method also reduced the number of L'V used, resulting
in a more parsimonious model. Our method selected 7 LV, while Gerretzen et al.'® and Jiao et
al.!® selected 10 and 15 LV. The best processing strategies, number of latent variables, and PEI
values found using the three methodologies for the 67 calibration cases can be found in Table
I-4. It can be observed that the PPO increase the accuracy of the models and reduced the
complexity of the models.

The number of LV in a PLS model can be influenced by various factors, including data
preprocessing. Different preprocessing techniques can impact the number of LV needed to
explain the relationship between the dependent and independent variables. Therefore, the
number of LV was not fixed to make the comparison as each method has its own built-in LV
and preprocessing selection approach. The goal of this work is to evaluate and compare the
ability of each preprocessing optimization method to return a suitable preprocessing strategy

and LV automatically.
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absolute regression coefficients (E). The red regions indicate the weights that had increased and the white
regions the weights that had decreased.
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Table I-4. Best preprocessing strategy, latent variable, and PEI value of each calibration case using the methodology proposed, Gerretzen et al.'®, and Jiao et al.'®

methods.
This Work Gerretzen et al. Jiao et al.
Case

LV  PEI (%) Preprocessing Strategy LV  PEI (%) Preprocessing Strategy LV  PEI (%) Preprocessing Strategy
01 5 13.3 SG (W:3) - PD (0O:3) - SNV 6 15.4 D (4) + SG (W:11 O:4) + MC 15 23.4 SGID(W:11 O:3) + AS
02 1 12.3 PD (O:1) - NAS (3) - SG1D (W:7 O:1) 4 12.5 SG (W:11 0:3) + MC 13 15.6 AS
03 1 8.4 MC - NAS (3) - PD (0O:1) 4 8.5 MC 15 8.1 MC
04 6 52.6 AsLs (L:100 p:0.1) - NAS (2) - AS 12 68.6 D (4) +SG (W:5 0:4) + MC 9 54.6 AS
05 13 6.7 MC - NAS (3) - D (0:3) 15 4.7 SG (W:11 0:2) + MC 15 4.7 MC
06 12 50.8 SG (W:3) - SG1D (W:7 O:3) - LS 15 39.6 D (4) + SG (W:11 O:4) + Log Scaling 15 40.8 SGID(W:19 O:3) + AS
07 11 38.2 SG2D (W:23 0:2) - SG (W:3) - LS 14 61.1 MC 15 54.0 SG2D(W:21 0:2) + AS
08 10 14.7 NAS (3) - SGID (W:13 0:4) - LS 15 23.1 MC 15 10.8 SGID(W:9 O:1) + AS
09 9 54.8 PD (0:3) - Min Scaling - SNV 10 67.6 SG (W:11 0:3) + PS 9 66.3 MC
10 5 79.9 AS - NAS (3) 9 110.1 Level Scaling 8 78.2 AS +SG2D(W:13 0:2)
11 8 98.3 D (O:1) - Min Scaling - LS 10 110.0 SG (W:5 0:4) + MC 6 105.1 SG2D(W:25 0:2) + MC
12 5 93.9 SG (W:23) - NAS (3) - SG2D (W:21 O:1) 7 106.3 D (3) + RNV (35) + SG (W:11 0:3) + MC 7 105.6 VN + MC
13 8 56.2 SGID (W:13 0:4) - SG (W:3) - AS 11 71.5 SG (W:5 0:4) + MC 10 64.5 SGID(W:5 0:3) + AS
14 4 72.9 RNV(30) - NAS (3) - AS 11 95.1 Log Scaling 9 112.7 SG2D(W:25 0:3) + MC
15 4 84.9 PD (O:1) - NAS (3) - SGID (W:5 0:3) 10 89.7 MC 9 89.3 SGID(W:23 0:2) + AS
16 6 70.5 BO - Median Scaling - SG2D (W:23 O:4) 12 100.5 PS 9 108.4 AS + SGID(W:25 0:3)
17 13 55.4 PD (O:1) - Norm (1) - RS 15 58.2 MC 15 56.3 SGID(W:11 O:3) + SNV
18 4 88.2 AsLs (L:100 p:0.1) - SG (W:7) - AS 15 88.3 SG (W:9 O:4) + Log Scaling 15 88.1 MC + SG(W:3 0:2)
19 13 42.5 AS -NAS (3)-D (0:2) 15 51.0 SG (W:9 0:4) + PS 15 47.3 AS
20 3 90.4 RNV(10) - NAS (3) - SGID (W:5 O:1) 13 91.0 SG (W:11 O:2) + Log Scaling 15 84.0 SG2D(W:19 0:2) + MMN
21 8 92.5 Min Scaling - NAS (3) - SG2D (W:19 0:2) 11 93.1 D (4) + MC 11 93.2 SG2D(W:7 0:2) + MC
22 12 222 AsLs (L:100 p:0.01) - NAS (2) - PS 15 2217 SG (W:50:2) + MC 15 22.8 SG2D(W:9 O:3) + RNV (25)
23 12 48.2 AS - NAS (3) - SG (W:3) 15 56.2 D (2) + MC 15 54.4 SG2D(W:21 0:3) + MC
24 13 54.6 RS-NAS (3) - AS 15 57.9 SG (W:50:4) + AS 15 57.9 AS
25 13 37.9 Mean Scaling - NAS (3) - SG2D (W:3 O:1) 15 45.9 AS 15 46.6 RNV50
26 12 27.2 Norm (Inf) - SG2D (W:7 O:4) - NAS (3) 15 37.0 AS 14 37.4 SNV +MC
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This Work Gerretzen et al. Jiao et al.
Case
LV  PEI (%) Preprocessing Strategy LV  PEI (%) Preprocessing Strategy LV  PEI (%) Preprocessing Strategy
27 12 26.8 Norm (Inf) - SG2D (W:7 O:4) - NAS (3) 15 36.5 SG (W:50:4) + AS 15 37.6 VN +MC
28 5 83.2 RNV(40) - Norm (Inf) - NAS (2) 8 91.3 D (4) + Max Scaling + SG (W:11 O:4) + MC 15 109.5 MSC + SGID(W:25 0:3) + MC
29 5 50.4 MC - NAS (3) - PD (0O:1) 5 80.2 LB + RNV (35) + SG (W:5 O:4) + Poisson Scaling 13 69.5 SGID(W:9 0:3) + AS
30 7 52.1 NAS (3) - AS - SG (W:13) 14 80.6 D (4) + RNV (25) + RS 15 66.3 AS
31 6 57.4 SG2D (W:13 O:1) - Norm (Inf) - AS 7 102.5 LB + BO + RNV (25) + SG (W:11 O:3) + MC 8 154.1 SGID(W:25 O:1) + RNV (25)
32 5 74.4 PD (O:1) - Min Scaling - Norm (Inf) 11 101.5 RNV (25) + Log Scaling 11 104.1 MSC + SG(W:3 0:2) + MC
33 3 49.7 NAS (3) - Min Scaling - SGID (W:15 0:2) 4 75.0 D (2) + MSC + MC 5 82.6 MSC + SGID(W:19 0:3) + MC
34 4 78.0 NAS (3) - SG2D (W:11 0:3) - PS 6 133.8 D (3) + RNV (35) + Log Scaling 15 96.7 MSC + SG2D(W:9 0:3) + MC
35 8 80.3 LB - Norm (Inf) - Min Scaling 14 277.6 D (4) + Mean Scaling + MC 6 113.5 SGID(W:3 O:1) + RNV (50)
36 1 61.3 NAS (3) - SG2D (W:23 O:1) - LS 15 187.7 D (4) + SG (W:5 O:4) + Level Scaling 15 86.2 SG2D(W:11 O:3) + AS
37 5 42.8 SNV -NAS (3) - LS 6 91.8 Mean Scaling + SG (W:5 O:4) + Level Scaling 4 81.4 MSC + SG2D(W:21 0:3) + MC
38 5 52.9 Norm (Inf) - SG2D (W:7 O:4) - Poisson Scaling 3 81.6 Max Scaling + SG (W:9 O:3) + MC 3 78.8 AN + SG(W:3 0:2) + MC
39 11 115.6 SG1D (W:23 0:2) - NAS (3) - Poisson Scaling 12 111.5 LB + SG (W:5 O0:4) + MC 15 98.6 AN + SG2D(W:3 0:2) + MC
40 4 94.0 LB -NAS (3) - LS 3 118.6 D (2) +PS 6 1233 SG(W:15 0:3) + MC
41 7 108.9 NAS (3) - SG (W:3) - LS 11 130.9 D (3) +SG (W:11 O:3) + MC 9 123.4 SG2D(W:23 O:2) + AS
42 7 108.9 NAS (3) - SG (W:3) - LS 11 130.9 D (3) +SG (W:11 O:3) + MC 9 123.4 SG2D(W:23 O:2) + AS
43 6 723 SG (W:13) - BO - Power Scaling 7 65.3 D (3) + RNV (15) + SG (W:5 0:4) + AS 8 78.1 SG(W:19 O:1) + MMN
44 7 73.2 AsLs (L:1000 p:0.01) - Norm (1) - NAS (2) 8 76.4 D (3) + RNV (25) + SG (W:11 O0:3) + MC 11 78.0 SG2D(W:9 0:2) + RNV (50)
45 8 54.0 PS-NAS (3)-MC 13 51.9 MSC + Poisson Scaling 13 48.9 MSC + SG(W:15 0:3) + MC
46 7 51.2 Median Scaling - NAS (3) - RS 10 66.5 D (3) + RNV (35) + SG (W:5 0:4) + PS 15 73.1 MSC + SGID(W:25 0:2) + MC
47 8 74.8 Norm (2) - AS - NAS (2) 13 84.2 LB+ BO + RNV (25) + SG (W:11 O:4) + Poisson Scaling 11 85.3 AsLs
48 7 113.0 AsLs (L:100000000 p:0.1) - Norm (1) - PS 11 143.8 D (4) + Poisson Scaling 8 115.9 SGID(W:23 O:1) + RNV (25)
49 4 92.8 RNV(30) - NAS (3) - D (0:2) 14 108.5 D (2) + Mean Scaling + SG (W:11 O:4) + PS 11 102.7 AsLs + SNV
50 4 94.5 NAS (1) - BO - Min Scaling 4 98.7 D (2) + RNV (15) + MC 6 95.9 SG2D(W:25 0:3) + AN
51 5 72.2 Norm (1) - AsLs (L:1000000 p:0.01) - PS 5 77.2 D (3) + RNV (25) + Poisson Scaling 14 109.8 AN + SG2D(W:3 0:2) + MC
52 5 90.3 NAS (2) - AsLs (L:100000000 p:0.1) - PS 6 103.4 D (4) + RNV (25) + SG (W:5 0:4) + AS 6 112.2 SGID(W:25 O:1) + MMN
53 3 81.2 Norm (1) - Power Scaling - NAS (1) 6 69.6 D (2) + RNV (15) + SG (W:11 0:3) + MC 15 94.4 AN + SG2D(W:13 0:3) + MC
54 3 81.2 Norm (1) - Power Scaling - NAS (1) 6 69.6 D (2) + RNV (15) + MC 15 94.4 AN + SG2D(W:13 0:2) + MC
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This Work Gerretzen et al. Jiao et al.
Case

LV  PEI (%) Preprocessing Strategy LV  PEI (%) Preprocessing Strategy LV  PEI (%) Preprocessing Strategy
55 7 79.8 NAS (2) - LB - SNV 10 90.4 Log Scaling 11 91.7 AS
56 10 90.2 Min Scaling - D (0:3) - RNV(40) 14 103.5 D (4) + MC 12 99.5 SG2D(W:11 0:3) + MC
57 4 98.0 SG (W:7) - Poisson Scaling - NAS (3) 13 95.9 D (4) + Poisson Scaling 12 97.5 MC + SGID(W:15 0:3)
58 5 88.5 MC - SG (W:13) - NAS (2) 10 99.2 Poisson Scaling 11 97.8 AsLs + SG(W:15 0:3)
59 6 81.8 AsLs (L:1000 p:0.1) - SG (W:13) - Mean Scaling 13 86.4 D (3) + RNV (35) + MC 11 75.3 SG(W:23 0:3) + AN + MC
60 2 95.5 NAS (1) - AsLs (L:10000000 p:0.01) - Poisson Scaling 3 99.2 D (3) + RNV (25) + MC 9 92.5 SG2D(W:21 O:3) + AS
61 6 81.0 Norm (2) - SG2D (W:19 O:1) - AS 14 83.1 D (4) + RNV (35) + MC 15 75.6 SG2D(W:25 0:2) + AS
62 4 91.7 Norm (2) - Min Scaling - Power Scaling 6 94.1 D (4) + RNV (25) + MC 11 94.2 SGID(W:21 0:3) + AsLs
63 2 96.6 NAS (1) - AsLs (L:1000000 p:0.1) - PS 13 95.7 D (2)+MC 9 93.0 MSC + SGID(W:25 O:1) + MC
64 5 94.0 NAS (1) - AsLs (L:1000000 p:0.1) - RS 13 80.6 D (4) + RNV (25) + MC 14 80.9 SG2D(W:25 O:2) + AS
65 5 71.5 AsLs (L:1000 p:0.001) - SG (W:13) - NAS (3) 6 91.4 D (4) +SG (W:11 O:3) + MC 15 76.6 MC + SG2D(W:21 O:3)
66 5 51.0 MC - NAS (3) - SG (W:21) 7 70.3 MC 15 80.8 SGID(W:15 0:2) + MC
67 9 100.0 PD + NAS (3) + AS 15 95.8 MC 14 95.9 MC

AN: area normalization; AS: autoscale; AsLs: asymmetric least squares; BO: baseline offset; D: detrend; LB: linear baseline; LS: level scaling; MC: mean center; MSC: multiplicative scatter correction; NAS: net analytical
signal; Norm: normalize; O: derivative order; PD: pairwise detrend; PS: pareto scaling; RNV: robust normal variate; RS: range scaling; SG: smoothing; SG1D: first derivative; SG2D; second derivative; SNV: standard
normal variate; W: derivative window; VN: vector normalization; MMN: Maximum Minimum Normalization; PEI: Prediction Error Index.
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The optimization method presented performed well for most calibration cases studied,
including different data sources, such as fluorescence, gas chromatography, Vis-NIR, NIR,
MID, Raman, NMR, and voltammetry. Figure I-8 shows the computation time for all methods
previously discussed for datasets of different sizes. The computation times were measured using
an Intel Core 15-3317U CPU @ 1.70GHz 8GB RAM. Regarding the computation time, overall,
the proposed method performed similar to the other two methodologies, however, for larger
datasets, a dataset containing 655 samples and 650 variables, for example, the PPO algorithm
took under 30 min to perform the search, which is very satisfactory, outperforming the other
two methodologies. Although the methodologies presented by Gerretzen et al.'® and Jiao et al.'®
try out fewer preprocessing strategies, there are other particularities on each algorithm that
increases the executing time, such as the number of iterations or the way the code was written,

for example.

I This work
10 hours .
([ [Jiaoetal.

5 hours
I Gerretzen et al.

2 hours
1 hour |
30 min f

Time

15 min |
5 min |
2 min |
1 min |
30 seg |

N \| " 4 3¢ 2\
) ‘LX@ 0 *1“13\ ke \1“5 % 56639,\ * wbs‘.s 56

Matrix Size

Figure I-8. Computation times for different matrix sizes (samples x variables) using the proposed method,
Gerretzen et al.'® and Jiao et al.'® methods.

The proposed algorithm is robust as it can evaluate how much preprocessing improves
the model. The strategy redefines the trial-and-error strategy by performing several
combinations in a suitable time. Some combinations are unlikely, but the algorithm is objective,
seeking the smallest RMSECV, and therefore, RMSEP values. The added value of this approach
is furthermore demonstrated on a repository of 67 calibration cases, these consistently show
that optimizing the hyperparameters a priori did not show significative improvement when
compared with using the default hyperparameters’ values, not fixing the sequence in which the
preprocessing methods are applied increased the average accuracy in 4.2%, considering the

combination of more than one preprocessing method increased the average accuracy in over
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10%, and searching for the best preprocessing strategy in a larger space resulted in the best

models.
3.5 - GRAPHICAL USER INTERFACE

A graphical user interface (GUI) was build using Matlab App Designer package.
Creating a GUI for the preprocessing optimization code can offer several advantages. Firstly, it
can make the optimization process more user-friendly by allowing users to interact with the
code visually. This can reduce the potential errors caused by manually entering code.
Ultimately, implementing a GUI can improve efficiency, accuracy, and usability, making it an

essential tool for the end users. Figure I-9 show the GUI for preprocessing optimization.

ZI RELYOM - PLS REGRESSICN INTERFACE - X

RELYON

MULTIVARIATE CHEMICAL DATA ANALY'SIS LABORATORY

OPTIMIZE PREPROCESSING | CREATE MODEL PREDICT UNKNOWN |

LOAD DATA

Mo file loaded yet

OPTIMIZE

Mot optimize yet
SAVE XLS5X

wilson.cardoso@ufv.br

Figure I-9. Graphical User Interface (GUI) for the preprocessing optimization.

The input for GUI can be .mat or a .xIsx file. If the file is a .mat file, the independent
variable must be named Spectra, the dependent variables must be named Lab, and the names of

the samples must be named Samples, as shown in Figure 1-10.
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Mame Value
1 Lab 80x1 double
[t} Samples B0x1 cell
[ Spectra E0x700 double
[ wavelenght 1x700 double

Figure I-10. Variables names for .mat file.

If the file is a .xIsx file the independent variable must be on a sheet named Spectra and
the dependent variables must be on a sheet named Lab, as shown in Figure I-11. Both variables
must be on the same order based on the sample named. For either .mat or .xIsx file the data
must be cleaned up a prior, i.e., not numbers (nan), infinite (-inf +inf), and blank cells must be

removed.

Formulas  Dados Revisdo

Bl srmples eroteina

8.746

8653

3 0046958 0.045817 0.046663 0.046602 0.046599 0046639 0046701 0.046817 0.047045 D.047419 0.047871 O 4 9125
4 0.053%48 0.053786 005365 0.053613 0.053576 0.053623 0053759 0053915  0.0542 0.054589 0.085134 0.0f 5 8952
5 D.OSE7I6 D.056517 0056901 0.056349 0.056309 0.056381 0.056475 0056662 0.056973 005726 0.057902 0 6 9.41
6 0.056241 0.056032 0.055933 0.055881 0.055852 0.055925 0.056026 0056258 0.056557 0.056938 0.057535 0.0 7 9595
7 0043272 04905 0.048967 0.048934 D.04B904 0.048376 004903 0,043289 0049546 D.043878 0050379 0. 8 9334
8 0.059434 0.054277 0.054161 0.054097 0.0S4078 0.053112 0.054201 0054403 0.054741 0.055173 0.055824 0.0 9 8508
5 0.054668 0.054542 0050401 0.054326 0.054313 0.054335 0.054401 0054565 0.054876 005529 0.055911 0 o 8717
10 0.053085 005295 0052838 0.052786 0.052789 0.052849 0.052933 0.053138 0.053467 0.053898 0.054551 8918

11 0.046986 0.045825 0.046724 0.046716 0.046702 0.046763 0.046821 0.047047 0.047361 0.047748 0.048322 12 5.092

12 0045524 0045319 0.045234 0.045233 0.045229 0.045267 0.045378 0.045618 D.045945 D.046351 0.046355 13 9.452
13 0.048773 0.048599 0.048503 0.043466 0.042444 048506 0.048536 0.043802 0.043127 0.048517 005012 0.0 4 2.072
14 0045741 001558  0.0455 0.045422 0.045416 0.045433 0,045519 0.045679 0.045929 0.046337 0.046893 0 5 9711
15 0.047766 0.047609 0.047516 0.047452 0.047433 0.047471 0.047535 0.047733 0.043012 0.048416 0.049006 0.0 18 9694
16 0.043731 0.049565 0.049465 0.049391 0.049373 0.049389 0049478 0.049643 0.049918 0.050304 0.050862 0.0 17 8685
17 0.047567 0.047384 0.047303 0.047251 0.047243 0047254 0.047348 0.047536 D.047836 0.048206 0.048783 0. 18 2842
18 0.043572 0043364 0.043324 0.043274 0.043294 0043299 0043429 0.043614 0.043892 0.044299 0.044343 0.0] 18 9436
19 0.053401 0.053205 0.053114 0.053082 0.053095 0053086 0.05323 0.053454 0.053761 0.054197 0.054301 0.0f 20 9.17%
20 0.053301 0.053102 0.053023 0.052995 0.053043 0052024 0.0531S7 0052434 0.053766 0.054202 0.054%21 0.0§ 9.592
8412

22 0.040973 0.040853 0.040752 0.040669 0.040663 0.040701 0.040763 0.040915 3 8412
23 0045156 0.045073 D.044995 0.044915 0.044907 0.044964 0.045067 0.045212 D.04S4ES 0.045932  0.0465 0.0§ 24 8716
24 0.03672 0.036661 0.036545 0.036445 0.036414 0.036438 0,036439 0036573 0.03676 0.037111 0.037559 0.0 25 8.147
25 0.037727 003764 0.037545 0.037436 0.037396 0.037437 0037482 0037542 0.03774 0.038052 0.038469 0.0) 2 8375
8506

Figure I-11. Data arrangement for .xlsx file

After setting the parameters and optimizing the preprocessing strategy, the result can be
saved in a .xlsx file, as show in Figure I-12. The spreadsheet contains all preprocessing
strategies assessed and the model parameters, the user can choose which preprocessing strategy
1s most fitted based on the RMSECYV values and the preprocessing in the strategy. Once the
preprocessing strategy has been chosen, the user can build a model for the chosen preprocessing
using the tab ‘Create Model’ and later use the model to predict unknown samples using the

‘Predict Unknown’ tab.
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RMSEC
0.051766799
0.050826384
0.051175048
0.045462876
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0.049792658
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0.935890421
0.990254354
0.990118683
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0.068694431
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Figure I-12. Excel spreadsheet for the preprocessing optimization.
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4 - CONCLUSION

This work presented a new approach for the optimization of data preprocessing
methodologies and their hyperparameters. The results obtained by this new strategy
outperformed the other evaluated methods. The methodology proposed in this work resulted in
the smallest RMSEP values for 48 out of the 67 calibration cases, while the other two
optimization strategies (from literature) resulted in the smallest RMSEP for 20 calibration cases
combined. In addition, the proposed method resulted in more parsimonious models for 62
calibration cases. This study highlighted that not fixing the sequence which the preprocessing
methods are applied and combining the preprocessing methods available were essential to
achieve the best preprocessing strategy. Furthermore, the proposed method has comparable
computation time when compared to the preprocessing optimization methods already presented
in the literature, reducing the possibility of obtaining a suboptimal preprocessing strategy. The
proposed method is universal and can be applied to datasets from different spectroscopies and

other analytical method.
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CHAPTER 11

Dehydration as a Tool to Improve Predictability of Sugarcane Juice Carbohydrates Using
Near-Infrared Spectroscopy Based PLS Models

The contents of this chapter have been adapted from:

W.J. Cardoso, J.G.R. Gomes, J. V. Roque, M.H.P. Barbosa, R.F. Te6filo, Dehydration as a Tool
to improve predictability of sugarcane juice carbohydrates using near-infrared spectroscopy
based PLS models, Chemom. Intell. Lab. Syst. 220 (2022) 104459.
https://doi.org/10.1016/j.chemolab.2021.104459.
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ABSTRACT

The aim of this work was to study dehydration as a way to improve the prediction of sucrose,
glucose, and fructose in sugarcane juice using near-infrared (NIR) spectroscopy and partial least
squares (PLS) regression models. The temperature, time, and sample volume involved in the
dehydration process were optimized using design of experiments. Six different sample supports
were assessed, being the thick couche paper the best support. NIR spectra from liquid (LSJ)
and dehydrated sugarcane juice (DSJ) were obtained. Sucrose, glucose, and fructose in LSJ
were analyzed using high-performance liquid chromatography with an evaporative light
scattering detector (HPLC-ELSD). Sucrose, glucose, and fructose ranged from 99.29 to 249.27
mg/mL, 5.96 to 14.94 mg/mL and 3.99 to 16.10 mg/mL. PLS models were built using the sugars
content and NIR spectra collected from a benchtop and a portable instrument. Ordered
predictors selection (OPS) was applied to select the most informative variable. The results
indicated better predictions for all sugars using the DSJ for both instruments, being the benchtop
statistically better than the portable instrument. On the benchtop instrument, the PLS-OPS
models presented root mean square error of prediction (RMSEP) respectively for sucrose,
glucose, and fructose 7.98, 0.82, and 1.00 mg/mL using the DSJ against 12.75, 1.00, and 1.35
mg/mL using the LSJ. For the portable instrument, the RMSEP were respectively 15.90, 1.18,
and 1.65 mg/mL using DSJ against 23.23, 1.40, and 2.08 mg/mL using LSJ. To sum up, the
dehydration approach showed to be a great technique to improve the predictability of PLS-OPS
models for sugarcane juice sugars using NIR spectra by removing the water and concentrating

the analytes.

Keywords: Sugars; Water Removal; Chemometrics; Multivariate Regression; Genetic

Breeding;
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1- INTRODUCTION

Sugarcane (Saccharum spp.) stands out among the bioenergy crops, and it is one of the
most important Brazilian commodities. 2019/2020 Brazil’s production is estimated at 615.978,9
thousand tons of sugarcane, and most of its volume supplies the sugar and ethanol industry.!=
In addition to industrial production, research in sugarcane breeding plays an important role in
the research for more productive varieties. As a result, the quality control of sugarcane is
essential for decision-making both in the industry and breeding programs.**

The sugarcane is composed mainly of juice (86 to 92%), which is composed of water
(75 to 82%) and soluble solids (18 to 25%). The soluble solids fraction comprises sugars (15 to
24%) and non-sugars (1 to 2.5%). The quality control of sugarcane is mainly based on its juice
sugar content. Sucrose is the primary sugar present in the juice (14 to 24%), and it can be
estimated through soluble solids content (Brix), measured by a refractometer. The apparent
sugar content can also be estimated through polarimetry (Pol), which measures the light
deviated to the right caused by dextrorotatory compounds. Sucrose and glucose are
dextrorotatory compounds, while fructose is levorotatory.”® Thus, due to the presence of
glucose and fructose, and other soluble solids, these instruments do not indicate the exact
sucrose content but an overestimated or underestimated value. However, as sucrose is the main
component of the juice, the correlation between these parameters and actual sucrose content is
still high. In addition, these parameters are fast and straightforward to measure, which justifies
their use. The principal drawback of the Pol method is that the juice needs to be clarified using
an aluminum-based compound to produce a more reliable measurement, eliminating
interferences, which increases the analysis cost and time. Besides, Brix and Pol methods do not
provide information about glucose and fructose, only sucrose.”!° Therefore, there is a demand
for a fast, low-cost, selective, and reliable method for sugarcane quality control.

Enzymatic sugars quantification methods have been applied for date juice,'! grass
forage,'? eggshell membranes,'® and soybean seeds'*. Another method widely applied is high-
performance liquid chromatography (HPLC); it has been applied for apple leaf and peel,'® sweet

7 and fruits.!®2° Despite

sorghum,'® Korean vegetables, fruits, cereals, seed plants, leaves,'
being accurate, these methodologies are high-priced, time-consuming, require specific
knowledge or training to be applied for routine analysis, making its application unfeasible in
routine analysis for quality control of sugarcane. Given the previous, near-infrared spectroscopy
(NIR) combined with chemometric methods can be an alternative to these methodologies.?!2*

Other spectroscopic methods combined with chemometrics have been applied to quantify
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25,26

sugars, such as Raman in soft drinks and honey, and mid-infrared spectroscopy (MIR) in

barley malt and fruit juice. 27-?

NIR is a fast, low-priced, and simple method, requiring little or no sample preparation.
Its region (750 to 2500 nm) contains information related to the overtones and combinations
bands of the fundamental vibrations of C-H, O-H, N-H, and S-H bonds, most present in every
organic molecule. Alone, the NIR spectrum from complex samples is not highly informative,
as it presents broad, highly overlapped bands. However, when allied to chemometrics methods,
such as partial least squares regression (PLS), it can be used to create models capable of
predicting properties of interest, such as sugar content. Several applications of NIR combined

with chemometrics are described in the literature for different fields, mainly food control.?*=!

32-35 36,37

NIR has been applied to predict sugar content in orange juice™ ~°, passion fruit pulp”®’,
bayberry juice®®. Regarding sugarcane, NIR has been used to predict the apparent sucrose
content (soluble solids or polarimetric reading) using stalks’®* and juice*'™*. Although
presenting good results, these methodologies do not provide information about other sugars,
such as glucose and fructose, and are more susceptible to inaccuracies as they do not use
standard solutions to calibrate the instrument.

Nowadays, emphasis has been given to the use of portable NIR instruments. The use of
such instruments expanded the applications of NIR, as the technique could be applied on field.
Typically, a portable NIR comprises a narrow region (1000 to 1700 nm) that corresponds
mostly to overtones of C-H and O-H stretching. Portable NIR instruments has been successfully
applied to measure sugarcane properties such as Pol, soluble solids, and fiber content.** 4 One
of the main advantages of NIR is that it require little or no sample preparation, however, some
works demonstrated that modeling sugar content using the sugarcane juice NIR spectra lead to
a better prediction than using the stalk NIR spectra.®**’

Despite the PLS capability of modeling interferents present in the sample, water
interference in the NIR spectra is still a concern when water is the main constituent of the
sample. The NIR spectrum of a water-rich sample is similar to the spectrum of pure water,
making it difficult to access the overlapping information and thus make the models less
predictive. Usually, these inferences are removed by selecting wavelength ranges or using
preprocessing, but these methods are not always effective.*’>!

This chapter aims to study the advantages and disadvantages of a dehydration step of

sugarcane juice to improve the prediction of sucrose, glucose, and fructose content in sugarcane

juice using NIR spectroscopy and PLS regression. The goal is to propose a more accurate
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methodology as an alternative to the reference methods used nowadays in the genetic breeding
sites.
To the best of our knowledge, it is the first time a dehydration method to concentrate

sugarcane juice samples for NIR spectroscopy is presented.
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2 - MATERIALS AND METHODS
2.1 - SAMPLING

For this work, 282 samples, comprising 22 different genotypes (RB027052, RB027058,
RB037017, RB037223, RB047108, RB077000, RB077210, RB077223, RB077227,
RB077300, RB087202, RB087234, RB087242, RBO087251, RB087842, RB(097203,
RB097217, RB107262, RB117000, RB127825, RB867515, and RB966928), were harvested
every month from April to November of 2019 from the Sugarcane Breeding Program of Federal
University of Vicosa (PMGCA-UFV) and Inter-University Network for the Development of
Sugarcane Industry (RIDESA). The germplasm bank is located at the Federal University of
Vicosa (UFV) experimental zone, Vigosa city, state of Minas Gerais, Brazil. The sugarcane
stalks were harvested and grinded. An aliquot of 500 g was pressed employing a hydraulic
press, and the juice extracted was collected. Approximately 10 mL of juice were transferred to

polypropylene tubes (Falcon®) and stored at minus 80 °C for posterior use.
2.2 - SUPPORT ASSESSMENT

The dehydrating method consists of depositing an aliquot of the sugarcane juice on a
support for the dehydrating step. Afterwards, obtaining the NIR spectrum of the dehydrated
sample. Six different supports were evaluated considering: the material capillarity,
homogeneity, and stability at temperatures above 50° C. Figure II-1 show the supports
considered in this work. The supports were cut using a manual press cutting, show in Figure I1-

2, so the supports size was standardized to a circle with 20mm of diameter.
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20 mm

24 mm

Figure II-1. Supports assessed in this study. Ethylene-vinyl acetate (EVA), silicone (SIL), thin couche
paper (FIN), thick couche paper (GRO), thin couche paper (FIN), kraft paper (PAR), and glass slips cover
(GSO).

Figure II-2. Manual press cutting.

2.3 - DEHYDRATION

The method consists of pipetting a specific sample volume on top of the support taken
into the oven to dehydrate, as depicted in Figure II-3. A central composite design (CCD) was
used to optimize the dehydration process. Three factors were studied: volume of sample, oven
temperature, and dehydration time. Mass loss was chosen as the dependent variable. Three
contents of sucrose in samples were chosen for this study, i.e., 93.64 (Sample I), 153.29 (Sample
I1), and 203.65 mg/L (Sample III). The objective was to verify and account for the influence of
sucrose concentration in the dehydration process. The CCD factors and levels studied are

showed in Table II-1.
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(A) (B)

444 |

Figure II-3. Scheme of the dehydration method. An aliquot of the sugarcane juice is pipetted to the sample
support (A), which is then placed on an aluminum tray (B), then taken to a preheated oven for a fixed
time (C) and then the dehydrated samples are acquired (D).

Table II-1. Factors and levels used in the central composite design.

Factors Levels
-0 -1 0 +1 +a
Temperature (°C) 46.3 60 80 100 113.6
Time (min) 19.5 40 70 100 120.45
Volume (unL) 43.18 50 60 70 76.82

2.4 - REFERENCE ANALYSIS

A method based on high-performance liquid chromatography (HPLC) was used as a
reference to quantify the sucrose, glucose, and fructose contents. The sugarcane juice samples
were diluted 20 times with deionized water, homogenized, and then filtered through a nylon
syringe filter (pore size 0.45 pm and 25 mm diameter) to vials. A Shimadzu 20AT Prominence
instrument and the software LabSolutions were used. An RPM-Monosaccharide column
(Phenomenex® Rezex) with 8 um particle size, 300 x 7.8 mm was used. The mobile phase
constituted 15% acetonitrile and 85% water. The separation parameters consisted of
temperature at 80 °C, the flow of 0.850 mL/min, and injection volume of 10 uL. An evaporative
light scattering detector (ELSD) was used.!” Standard calibration curves were built for sucrose,

glucose, and fructose.
2.5 - NEAR-INFRARED SPECTROSCOPY

Spectra of the samples were obtained on two different instruments. The first instrument
consisted of a benchtop Antaris II with Fourier Transform spectrometer with integration sphere
(Thermo Scientific), ranging from 1000 to 2500 nm with an increment of 0.48 nm. The spectra
were collected using the TQ Analysis software. The mean of 32 scans performed for each

sample was stored. The second instrument consisted of a portable DLP® NIRscan Nano™
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EVM (Texas Instruments), ranging from 900 to 1700 nm with increments of 1.32 nm, operating
with the Hadamard scan method. The mean of 50 scans performed for each sample was stored.
The spectra were acquired in two different ways, LSJ and DSJ, on both instruments. The first
one, to collect the LSJ spectra, approximately 1 mL of sample was placed on a glass cup
(internal diameter of 16.8 mm) with a transflectance accessory (diameter of 16 mm and an
optical path of 1 mm). The second one, to collect the DSJ spectra, the sample-support was
placed directly on the instrument window, the spectra were acquired in reflectance mode. For
both instruments, the spectra were acquired as absorbance, 1/log(R), where R is either the

reflectance or transflectance. Figure I1-4 shows the benchtop and portables instruments.

(A) (B)

Figure 11-4. Benchtop Antaris II (A) and portable DLP® NIRscan Nano™ EVM (B) instruments.

2.6 - MODELING

The NIR spectra were imported to MATLAB R2019a (MathWorks, Natick, USA). The
PLS regression was used to build the models. All algorithms used were written at the
Multivariate Chemical Data Analysis Laboratory (MCDA Lab). The samples were randomly
divided into calibration set (70%) and external validation set (30%). All models have the same
samples in the calibration and external validation set so that for each property, a comparison
can be made. Different preprocessing methods were studied. Besides the raw data, one
preprocessing, mean center, and seven transformations were assessed, smoothing, first
derivative, second derivative, standard normal variate scaling, multiplicative scatter/signal
correction, normalize, and baseline. The combinations of two and three preprocessing steps
were also studied. Smoothing and first and second derivatives were applied using the odd
widths of 7, 13, and 21. Multiplicative scatter correction was applied using the least-squares
regression between each spectrum and the reference spectrum. Normalization was applied to
normalize the data to a unit area (norm 1), to unit length (norm 2), and maximum value (norm

infinite). Random cross-validation was used with 10 splits. Random cross-validation was
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chosen so the same calibration and validations samples could be selected for all the models to
facilitate comparison. In total, 2,032 different preprocessing combinations were applied. The
models were built using latent variables from 1 to 8, which resulted in 16,256 different models.
The algorithm presented in Chapter I was used.

The quality of the regression models was evaluated considering the root mean square
error (RMSE), Eq. I-1, and correlation coefficient (R), Eq. I-2, of calibration (RMSEC, Rc),
cross-validation (RMSECV, Rcv), and validation (RMSEP, Rp). The model parameters were
optimized utilizing RMSECV, where the model with the lowest RMSECV was chosen. Outliers
were removed considering the Student’s residue and leverage and principal component analysis

first and second scores.

RMSE = (Eq. I-1)

> G -G - )
R=—= (Eq. 1-2)

JZ(% -V, -¥)

where y is the reference value, Y is the mean of the reference values, ¥ is the predicted

values, §is the mean of the predicted values, and N is the number of samples.

Selectivity (SEL) shows the models capacity to determine an analyte without the

interference of other compounds in the matrix and is calculated by Eq. I-3.%

i[nasj
Y, (Eq. 1-3)

where nas; is the absolute value of the net analytical signal and||x, || represents the

Euclidean norm of the instrument response vector, and N is the number of samples.
Limit of detection (LOD) is the minimum detectable value of concentration and is
calculated by Eq. 1-4.
Ae, fyw,o

0

(Eq. 1-4)
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where A(@, ) is a parameter of non-centrality as a function of the probability of type I
error (@ ) and type II error (), w,& is the standard deviation, and /3, is the constant of the

linear regression.
The inverse of analytical sensitivity (') is the minimum difference of concentration

that can be determined by the model and is calculated by Eq. I-5.%?
0,

-1
yr=loxel Eqrs)
where||5_ || is the Euclidean norm of the standard deviation of the reference signal and

|| is the Euclidean norm of the regression coefficient.

Feature selection was performed using the new ordered predictors selection (OPS)

algorithm (available at www.deq.ufv.br/chemometrics). It selects variables by sorting the

variables according to informative vectors and systematically investigating the regression
models to identify the most relevant set of variables. OPS was applied using all approaches
available, all vectors were investigated, and the variables were searched using a window of 50
and an increment of 10. A more detailed explanation of the OPS algorithms can be found
elsewhere.**> The purpose is to find the best model possible for each property, so the
particularities of each instrument, properties, and spectral analysis could be considered, and
then compare the results.

Each model was verified for chance correlation. The dependent variables (y vector) were
randomized 5.000 times and a model was built for each randomization and for the authentic y
vector. If the Pearson correlation parameter of the authentic y vector is isolated from the

randomized ones, then the model did not occur by chance.
2.7 - STATISTICAL ANALYSIS

An analysis of variance (ANOVA) was carried out to compare the best PLS models for
sucrose, glucose, and fructose, respecting the assumptions of normality, homoscedasticity, and
homogeneity of the variances. For each property, the models were compared based on the
instrument (benchtop and portable instrument) and the spectral analysis (LSJ and DSJ).
ANOVA was performed in the R environment (R Studio, 2020, R Development Core Team,
2020). The best models for each property, instrument and spectral analysis were randomly split
100 different times into calibration set (70%) and external validation set (30%) to perform the
ANOVA. So, there are 100 different replications for each model. RMSEP was used to compare

the models. The means were compared using the Tukey test with 95% confidence.
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3 - RESULTS AND DISCUSSION
3.1 - SAMPLING

The 282 sugarcane samples were harvested every month from April to November of
2019. Thus, the variance due to the maturation of each genotype could be assessed. Table I1-2
presents the descriptive statistics of the sucrose, glucose, and fructose that were quantified using

HPLC.

Table I1-2. Samples descriptive statistics.

Property Min.* Mean* Max.* STD CV (%)
Sucrose 99.29 186.37 249.27 30.29 16.2
Glucose 5.96 9.57 14.94 1.88 19.6
Fructose 3.99 8.81 16.10 2.80 31.8

* mg/mL; STD: Standard Deviation; Min.: Minimum; Max.: Maximum, CV: coefficient of variation.

3.2 - SUPPORT ASSESSMENT

Six different supports were assessed: thick couche paper (GRO), thin couche paper
(FIN), silicone (SIL), ethylene-vinyl acetate (EVA), kraft paper (PAR), and glass slips cover
(GSC). EVA support was not stable at temperatures over 50 °C. SIL support was too smooth to
hold the sample. FIN absorbed the sample. GCS was not suitable as the sample spread over its
surface. PAR and GRO presented good performances. Visually, PAR composition was not
homogeneous, as small particles could be seen in the support. GRO was homogenous and had
high thickness, holding the sample longer without absorbing it. Thus, GRO support was chosen
as a suitable support for the novel dehydration methodology, as it did not absorb the sample

and allowed a greater analytical frequency.
3.3- DEHYDRATION

A CCD design was performed using as response the mass loss, which reads as the water
removed from the sample. The analysis of variance showed that the quadratic regression
adjusted the data with a coefficient of determination (R?) of 0.85, 0.89, and 0.94 and pure error
of 1x107, 9.5x10®, and 1.4x10°° for Sample I, II, and III, respectively. Figure 1I-5 presents the
Pareto chart of the standardized effects for Sample I, II, and III. The most important effects for
the three samples were the linear terms for temperature and volume and the quadratic term for
temperature. Temperature effects were positive, which means that higher temperatures
increased the mass loss for the samples. The volume effect was negative, which means that a

lower volume increased the mass loss of the samples. The interaction between temperature and
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volume was also significant, presenting a positive effect for Sample I and a negative effect for

Sample II and III.
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Figure II-5. Pareto chart of standardized effects for Sample I, II and III.

Figure II-6 presents the response surfaces as a function of temperature and volume for
Samples I, 11, and III. The time was fixed at 19.5 minutes. A desirability profile was made for
each sample (I, II, and III) and the factors studied (temperature, time, and volume). It was
observed that the greater the mass loss more significant the water removal. So, the maximum
mass removal was set as high desirability. Therefore, for temperature, time, and volume, the

optimal parameters were defined as 113.6 °C, 19.5 min, and 51.6 pL, respectively.
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Figure II-6. Response surface of mass loss as a function of temperature and volume for Sample I (A), I1
(B), and (C). The time was fixed at 19.55 minutes

3.4 - NEAR-INFRARED SPECTROSCOPY

Figure II-7 shows the NIR profiles acquired for the sugarcane juice, dehydrated juice

water, GRO support, and pure solid sucrose, glucose, and fructose. It can be observed that the

spectra of the pure sugars (sucrose, glucose, and fructose) are similar, although presenting some
differences around 1400 to 1600 nm and 2000 to 2300 nm. Considering the LSJ spectra, it can
be observed that the spectra are similar to the water NIR spectra, as water is the main constituent

of the juice and have a strong absorbance in the NIR. The pure sucrose, glucose, and fructose
spectra and the LSJ spectra present very distinct profiles
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Figure II-7. Spectra of pure water, sucrose, glucose, fructose, and GRO support (A), spectra of the
samples acquired using the LSJ and DSJ methods on Antaris and NIRScan Nano instrument (B).

On the other hand, the spectra of pure sugars and DSJ spectra present similar profiles,
as observed in 1400 to 1700 nm and 2000 to 2300 nm regions. The dehydrated juice spectrum
differs from the water spectrum, evidencing that the drying process removes the water
influence. About the GRO support NIR spectrum, it can be observed that it has some similarities
to the DSJ spectra, it may be due as its main constituent is cellulose, which resembles the sugars
structures. It presents a low-intensity NIR profile compared with the DSJ spectra, as shown in
Figure I-4; therefore, it does not interfere with the modeling process.

It can be observed in Figure II-7 that NIR spectra of the juice samples on both
instruments present a strong absorbance band between 1300 and 1500 nm due to O-H stretch
bands of water. In addition, saturated bands can be seen in the Antaris NIR spectra from 1800
to 2200 nm and 2300 to 2500 nm due to O-H water combinations bands.’*>® No association
between the juice NIR spectra and the sugars absorbance bands can be made due to the strong
water absorbance bands. Otherwise, the dehydrated juice NIR spectra present a more
interpretative profile. Bands corresponding to O-H and C-H stretch first overtones can be seen
from 1400 to 1600 nm e 1650 to 1800 nm. The second overtone of C=0O stretches bands from
1900 to 2000 nm. Combinations bands of O-H bands from 2000 to 2200 nm and C-C and C-H
combinations bands from 2200 to 2500 nm.>"3!5% Although presenting similar structures and
NIR profiles, sucrose, glucose, and fructose may be individually modeled using NIR due to

their different absorptivity related to O-H, C-H, and C=0O bands.
3.5- MODELING

Before modeling, the raw spectra were preprocessed to improve the signal-to-noise

ratio, remove interference such as multiplicative shifts due to light scattering and baseline shifts.
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Several preprocessing methods were assessed. The optimal preprocess for each property can be
seen in Table 3. The spectra acquired in the Antaris instruments consisted of 3112 variables,
and the one acquired in the NIRscan Nano consisted of 605 variables. The edges of the NIRscan
Nano spectra were removed, as they exhibited a noisy and irregular shape, so the models were
built using 551 variables. The models built using all variables will be referred to as PLS, and
the models using the variables selected using OPS as PLS-OPS.

The results from Table II-3 show that the OPS method improved most models, reducing

the RMSE and increasing the R values. The improvement could also be observed in reducing
LOD values when comparing the PLS and PLS-OPS models. For all models, low 7' values

can be observed. A decrease in their values is noticed when using selected variables, which may
be due to more predictive variables. As expected, low SEL values were observed for all models,
as sugarcane juice is a complex sample, and its spectrum also contains information about other
components.

The DSJ method resulted in better predictions for all sugars using both instruments,
being the benchtop statistically better than the portable instrument. On the benchtop instrument,
the PLS-OPS models presented RMSEP values for sucrose, glucose, and fructose 7.98, 0.82,
and 1.00 mg/mL, respectively, using the DSJ method against 12.75, 1.00, and 1.35 mg/mL
using the LSJ method. For the portable instrument, the RMSEP values of PLS-OPS models
were and 1.65 mg/mL using the DSJ method against 23.23, 1.40, and 2.08 mg/mL using the
LSJ method. Therefore, the best models for sucrose, glucose, and fructose were achieved using

the DSJ and Antaris instruments.
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Table II-3. Modeling parameters of the sucrose, glucose, and fructose NIR-based PLS models using the Antaris and NIRScan Nano instruments and liquid
sugarcane juice (LSJ) and dehydrated sugarcane juice (DSJ).

Instrument Analysis Property Method Variables RMSEC Re RMSECV Rev RMSEP Rp LV SEL y! LOD Preprocessment
pe TS 312 IR0 1 08 154 084 10 0000 39d0T  des
PLS-OPS 250 1.25 0.90 1.38 0.87 1.35 0.87 9 0.003 2.7x10 1.47
b e P B2 0% 08 LB 080 L1208 10 0010 2007 196
PLS-OPS 1320 0.90 0.88 1.01 0.85 1.00 0.84 10 0.004 8.1x10” 1.81
) e PSS BU2 2088 1667 086 1500 087 10 Q0B 0001 348
E PLS-OPS 40 12.42 0.91 13.93 0.89 12.75 091 10 4.17E-05 0.055 28.50
E S OPLs 308 095 120 091 100 095 9 000 000l 097
Fructose N-FD-MC
PLS-OPS 680 0.56 0.98 1.12 0.92 1.01 0.92 9 0.035 0.002 0.81
by Cmewe | PYS U206 054 094 08 o0& 0% 9 05 04 LI§
PLS-OPS 1420 0.42 0.97 0.90 0.88 0.80 0.89 9 0.025 0.009 0.93
gue PSS B2 103 0% B2 00 1078 093 9 0005 001 23
PLS-OPS 90 6.83 0.97 9.48 0.95 7.98 0.96 9 0.004 0.164 13.76
pene P BL 107230 06l 208 06 10 006 043 203
PLS-OPS 210 1.81 0.77 223 0.64 2.09 0.68 10 0.022 1.608 2.95
s e S B 0@ 1 05 18 065 10 0@ 028 4m o
PLS-OPS 170 1.34 0.71 1.47 0.63 1.40 0.68 10 0.002 0.348 421
g Cgurme | PISBI 2L 071 2504 058 2323 06t 6 006 270 8267
Z Sucrose FD-MSC-S
o PLS-OPS 30 21.11 0.72 22.92 0.66 23.33 0.63 6 0.005 14.224 79.72
& Fructose MC
b4 PLS-OPS 220 1.21 0.90 1.81 0.77 1.65 0.81 9 0.006 0.098 1.87
by cmee TS B 08 08 13 0m 127 04 10 003 018 10
PLS-OPS 320 0.86 0.89 1.35 0.71 1.18 0.77 10 0.003 0.200 1.89
Cgume PSS BL 970 095 146 085 1550 085 10 0005 42%6 2068

Sucrose
PLS-OPS 420 9.52 0.95 14.86 0.87 15.76 0.85 10 0.005 4.256 20.68

*RMSE and LOD in mg/mL; LSJ: liquid sugarcane juice; DSJ: dehydrated sugarcane juice; RMSEC: root mean square error of calibration; Rc: correlation coefficient of calibration; RMSEP: root mean square error of
prediction; Rp: correlation coefficient of prediction; LV: latent variables; S: smoothing; SNV: standard normal variate scaling; N: normalize; MC: mean center; FD: first derivative; MSC: multiplicative scattering

correction; SD: second derivative
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The LSJ models using the portable instrument did not exhibit satisfactory results. It may
be due to water interference since the main band present in the region from 900 to 1700
corresponds to water absorbance. The plots of the reference values and the content predicted
for sucrose, glucose, and fructose using both instruments and spectral analysis methods can be
seen in Figure I1-8. Using the DSJ method significantly improved the results using the portable
instrument. This result highlights the effect of the dehydration step in the model predictive
power for the portable instrument, which could increase its use. The loss in predictive power
when compared with the benchtop instrument is compensated with the possibility of using the
instrument on-site.

The implementation of a dehydration step increased the predictive power of the sucrose,
glucose, and fructose models using either the benchtop or portable instrument. These increasing
in accuracy could justify its implementation in the genetic breeding sites and in the industry.
When creating a NIR based method, the quality of the reference analysis is very important. For
that reason, the proposed dehydration methodology could also be used as reference
methodology, instead of the HPLC that is very expensive and time-consuming and the
polarimetry or soluble solids methodology that are indirect measurements only for sucrose
content and do not give any information about glucose and fructose contents, to create other

models with less sample preparation, such as using the stalk, for instance.
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Figure II-8. HPLC reference analysis versus NIR predicted values for sucrose (A-D), glucose (E-H), and

fructose (I-L) using the Antaris and NIRScan Nano instruments.

Figure II-9 shows the relative errors of the validation set. For all properties evaluated,

the model built using the Antaris instrument and the DSJ resulted in the smallest average

absolute relative error. For fructose, the average absolute relative error were 12.7%, 10.1%,

20.3%, and 18% for LSJ and DSJ using Antaris and LSJ and DSJ using NIRScan Nano. For

glucose, the average absolute relative error were 8.6%, 7%, 12%, and 11.3% for LSJ and DSJ

using Antaris and LSJ and DSJ using NIRScan Nano. For sucrose, the average absolute relative
error were 5.8%, 3.4%, 10.3%, and 7.3% for LSJ and DSJ using Antaris and LSJ and DSJ using
NIRScan Nano.
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Figure II-9. Relative error for the validation set of the models for fructose (A-D), glucose (E-H), and
sucrose (I-L) using the LSJ and DSJ analysis and Antaris and NIRScan Nano instruments.

The results acquired using the Antaris instrument were superior to the ones using the
NIRscan Nano. It may be due to the broader wavelength range, higher resolution, and less noisy
spectra of the Antaris instrument, which results in more information, and therefore, more
predictive power. Figure II-10 shows the variables selected using OPS for DSJ and LSJ models
using the Antaris and NIRScan Nano instruments. Considering the models using the Antaris, it
can be observed that for the model using the LSJ (Figure 1I-10A), the OPS did not select
variables in the water-related regions, 1400 to 1550 nm, and above 1900 nm. On the other hand,
for the model using the DSJ (Figure II-10B), the OPS selected variables in this region,
corroborating that the dehydration process can remove the water influence. Although pure
sucrose, glucose, and fructose present similar NIR profiles, it can be observed that different
regions were selected for each sugar model, i.e., for sucrose, the OPS selected regions from
1000 to 1300, 1400 to 1500, around 1700, 1950, 2100, and above 2300 nm. For glucose, the
OPS selected regions from 1000 to 1850, around 2000, 2100, and 2250 nm. For fructose, the
OPS selected regions from 1100 to 1400 and 1550 to 1850 nm. These selected regions can be
associated with specific regions of each sugar, as shown in Figure II-7A. Considering the
models using the NIRScan Nano, Figures I1-10C and II-10D, the OPS could not improve the

models.
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Figure II-10. Variables selected by OPS for the sucrose, glucose, and fructose models using the LSJ (A)
and DSJ (B) using the Antaris instrument and LSJ (C) and DSJ (D) using the NIRScan Nano instrument.

Figure II-11 shows the Pearson correlation charts for the models. It can be observed that
all the models built using the authentic y (red sphere) presented a Rc and Rcv different and
higher than those using the randomized y vectors, which means the models did not occur by

chance.
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Figure II-11. Pearson correlation coefficient of calibration (Rc) versus cross-validation (Rcv) for fructose
(A-D), glucose (E-H), and sucrose (I-L) using the Antaris instruments and NIRScan Nano and the LSJ and
DJS analysis. The red sphere represents the model using the authentic y vector.

3.6 - STATISTICAL COMPARISON OF MODELS

Tukey’s test with 95% confidence was performed to compare the model’s means.
Figure II-12 shows the average RMSEP values for the sucrose, glucose, ad fructose models.
Tukey’s test results confirmed the idea that the water removal could improve the models’
predictive power. The predictive power was improved for all properties and instruments when
dehydrating the sample (DSJ models). In particular, the results for the NIRscan Nano
instrument were significantly improved once the models using the sugarcane juice did not
present enough capability to predict the properties. The Tukey’s test corroborated with the
results in Table I1-3 that the best models were acquired using the DSJ method and the Antaris
instrument, followed by the LSJ method using the Antaris instrument, and then the DSJ using

the NIRScan Nano. The LSJ using the NIRScan Nano did not present satisfactory predictions.
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Figure II-12. Boxplot of the RMSEP values of the models using the Antaris and NIRScan Nano for sucrose
(A), glucose (B), and fructose (C). The low case letters indicate the Tukey’s test results with 95%
confidence, where different letters mean the models are significantly different.
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4 - CONCLUSIONS

The proposed dehydration methodology showed to be a great technique to improve the
predictive power of PLS models by removing the water interference and concentrating the
analytes. The dehydration process is quite simple and presents a high analytical frequency of
36 samples per hour (including dehydration and NIR analysis). In addition, it presents a lower
cost and faster methodology than HPLC, which has an analytical frequency of 3 samples per
hour. Using the novel approach resulted in more predictive models for sucrose, glucose, and

fructose than liquid sugarcane juice.
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GENERAL CONCLUSIONS

In general, a proper sample preparation and data preprocessing strategy showed to be
very important to improve the accuracy of the models. A dehydration step prior to acquiring
the NIR spectra of the sugarcane juice significantly improved the accuracy of the models used
to predict sucrose, glucose, and fructose contents of sugarcane juice. In addition, the data
preprocessing step is very important when creating models. A comprehensive analysis was
carried out by studying 67 calibration cases. Not fixing the preprocessing order based on the
artifact they fix was fundamental to build the most accurate models. The proposed optimization

method is universal and can be applied to different datasets sources.
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