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ABSTRACT

This work aims to chemometrically authenticate coffee samples from a new production
region of specialty conilon coffee located in the city of Mutum, in the Brazilian State of
Minas Gerais. Canephora coffee has historically commanded lower prices than its
Arabica counterpart, therefore, the establishment of high production standards has
become a key objective for new producers seeking to deliver higher-quality products.
In this study, commercial samples provided by the producers from Mutum, as well as
from three other Brazilian States, were analyzed by differential scanning calorimetry
and portable near infrared spectroscopy. The data obtained was used to construct
exploratory models, discriminant analysis, and one-class classification chemometric
models aimed at distinguishing the specialty coffees from Minas Gerais. Although it
was not possible to define a chemical profile capable of fully discriminating the target
class from other producing regions, the multivariate models, particularly those
developed by combining calorimetry and spectroscopy data through a data fusion
strategy, proved effective in identifying and distinguishing coffee samples from Minas

Gerais.

Keywords: food control; supervised classification; protected designation of origin; one-

class modelling; discriminant analysis.



RESUMO

Este trabalho tem como objetivo autenticar quimiometricamente amostras de café
provenientes de uma nova regido produtora de café conilon especial, localizada no
municipio de Mutum, no Estado de Minas Gerais, Brasil. O café da espécie Coffea
canephora historicamente apresenta precos inferiores em relacéo ao seu equivalente
arabica, de modo que a busca por melhores padrdes de produgado € um objetivo dos
novos produtores que almejam um produto de maior qualidade. Neste estudo,
amostras comerciais fornecidas pelos produtores de Mutum, bem como de outros trés
estados brasileiros, foram analisadas por calorimetria exploratéria diferencial e
espectroscopia no infravermelho proximo portatil. Os dados obtidos foram utilizados
para a construgdo de modelos quimiométricos exploratorios, de analise discriminante
e de modelagem de classe, com o objetivo de diferenciar os cafés especiais mineiros.
Embora ndo tenha sido possivel determinar um perfil quimico que discrimine a classe
alvo das demais regides produtoras, os modelos multivariados, especialmente
aqueles construidos associando os dados de calorimetria e espectroscopia por meio
de uma estratégia de fusdo de dados, foram bem-sucedidos na identificacédo e

separagao das amostras de café provenientes de Minas Gerais.

Palavras-chave: controle de alimentos; classificagdo supervisionada; denominagao

de origem protegida; modelagem de classe; analise discriminante.
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1 INTRODUCTION

Coffee is a globally consumed commodity, prized both as a stimulant and a symbol of
hospitality. Although the most common species, Coffea arabica, is named after Arabia,
the plant is not native to that region. The earliest recorded references to coffee plants
date back to the fifth century, recounting the tale of an Ethiopian goat herder who
noticed the invigorating effects of a fruit eaten by his animals and concocted an elixir
with that fruit.['-3l

In 1450, the beverage was introduced in Mecca, where it was called gahwa, an old
Arabic word for wine. Due to its stimulating effects, the fruit was mistakenly considered
a hallucinogen and condemned as contrary to Islam. Travelers returning from the
Orient brought detailed descriptions of the beverage to Europe, which led to coffee
being introduced to the continent via Venice in 1615, as the city maintained commercial
relations with the Ottoman Empire. By the eighteenth century, countries such as the

Dutch Republic, France, and Britain had begun cultivating coffee in their colonies.l?=

The first recorded introduction of coffee to Brazil dates back to 1727 in the state of
Para, when a Portuguese officer, sent on a diplomatic mission to French Guiana,
secretly returned with coffee seeds, allegedly obtained by seducing the wife of the
governor of the region. Throughout the nineteenth and twentieth centuries, coffee
became Brazil's most significant agricultural commodity, symbolizing national
economic growth. Its significance was such that coffee was featured on Brazil’s first
national flag and on the logo of the Brazilian Football Confederation during the 1982
World Cup.l3-7]

In the last three decades of the nineteenth century, a plague called the coffee rust
emerged as a threat to global coffee production. Coffee producers, particularly in the
most affected regions of Asia, began searching for alternative species that could be
more resistant than Coffea arabica. The solution came with Coffea canephora, known
as robusta coffee, a species native from Congo. Robusta is naturally resistant to rust
and better adapted to higher temperatures, greater humidity and lower altitudes than
Arabica, making it more suitable for regions such as Southeast Asia. By the 1930s,

coffee production in Asia and the Pacific region had more than doubled from before
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the rust crisis. Today, robusta accounts for over 40% of global coffee production. Brazil
is the second-largest producer, behind only Vietham, contributing more than 20% of
global output in the 2024 harvest.#89]

The pursuit of specialty coffees in Brazil began in the 1990s, driven by an Italian
producer seeking unique Arabica beans for their brand blends. Robusta coffee,
however, has traditionally been associated with a more bitter flavor, resulting in lower
market prices and its predominant use in blends and instant coffee products. By the
late 2000s, however, the first specialty canephora coffees of the conilon variety were

produced in the Brazilian State of Espirito Santo, resulting in higher market values.?!

To ensure quality and origin, certification of provenance was introduced, requiring
analytical methods to verify product authenticity. In the 2020s, the states of Espirito
Santo and Rondénia achieved protected geographical indication (PGl) certificates for

their Conilon and Robusta coffees, respectively.[19-12]

Traditionally, coffee analysis has employed techniques such as chromatography and
capillary electrophoresis, which require extensive sample preparation. In contrast,
thermal analysis methods demand little to no sample manipulation. Another technique
increasingly utilized for differentiating coffee samples is near-infrared (NIR)
spectroscopy. Although less common than mid-infrared (MIR) spectroscopy, near-
infrared is gaining traction due to advancements in equipment miniaturization and the
development of portable devices that can be used on-site by producers and inspection

agents.[113.14]

Chemometric methods are extensively applied for the multivariate classification of food
samples using untargeted strategies. By analyzing the entire dataset rather than
focusing on a single signal, it becomes possible to study complex matrices without
prior knowledge of all their components. Techniques such as thermal analysis and
near-infrared spectroscopy have been proved effective for analyzing complex samples
including food, pharmaceuticals, fuel, and more. Additionally, data fusion strategies
offer a robust approach for integrating different types of chemical information within the

models.[15-19]
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This study aims to develop a method for differentiating and classifying conilon coffee
beans produced in the region of the city of Mutum, Minas Gerais, from those grown in
other regions of Brazil. Exploratory analysis, discriminant analysis and one-class
modeling approaches were applied using differential scanning calorimetry and near-
infrared spectroscopy, both individually and in combination through a data fusion
strategy. The developed supervised methods were then compared and validated using

appropriate qualitative figures of merit.
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2 OBJECTIVES

2.1  General Objective

To build chemometric models to discriminate conilon coffee samples from the city of
Mutum, Minas Gerais, from samples from other producer regions. This city was chosen
as it is family farming region starting their specialty conilon coffee production, aiming

for higher producing standards and product quality.

2.2 Specific Objectives

I.  Differential scanning calorimetry analysis of the ground coffee samples.
[I.  Near infrared spectroscopy analysis of the ground coffee samples.
[ll.  Chemometric modeling with exploratory and supervised analysis for
discrimination and authentication of the producer regions using DSC curves,
NIR spectra and data fusion strategies.

IV. Qualitative validation of the built models.
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3 BIBLIOGRAPHIC REVISION

3.1 Coffee

Coffee is one of the most consumed beverages in the world, prepared from the roasted
beans of the plants of the Coffea genus. Out of approximately 500 species within this
genus, only two hold significant economic importance: Coffea arabica and Coffea
canephora. Canephora coffees, also called robusta, generally command lower market
prices than arabica, with a price difference of approximately 30% in the 2024/2025
harvest. But this difference in value does not mean that robusta coffee has a lower
quality and studies on producing standards resulted in two geographical indications
(Gls) in Brazil, one for conilon coffees from the State of Espirito Santo and another for

robusta coffees from the State of Ronddnia.[®20.21]

Gl certifications require reliable authentication methods for the products, and many
studies are being conducted utilizing instrumental analysis, such as spectroscopy and
chromatography, allied with chemometric tools for this objective. As coffee beans have
complex chemical composition, including a great variety of organic and inorganic
compounds, it is not always possible to identify specific compounds that serve as a
fingerprint from a producer region. In such cases, untargeted strategies may be
applied, with a total screening of the samples and use of mathematical tools to identify

initial trends prior to more in-depth investigations.[21-24

3.2 Differential Scanning Calorimetry (DSC)

Differential scanning calorimetry (DSC) was first introduced and patented by the
Perkin-Elmer Corporation in the 1960s. The related instrument is capable of measuring
the energy involved in endothermic and exothermic processes by a process called
power compensation DSC. In this technique a sample and a reference are placed in
separated ovens and the difference in energy applied between the sample and the
reference to keep both at the same temperature generates the analytical signal.

Another version of DSC, called heat-flux DSC, consists in both sample and reference
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being placed in the same oven and difference in heat flow between the sample and the

reference while the oven is heated generates the analytical signal [25-27]

In food science, DSC has been widely used to evaluate the thermal properties of food
products during processing and storage. Among the advantages of this technique are
the small sample size required, minimal sample preparation, and high repeatability,
making it a robust analytical tool. In coffee analysis, DSC has primarily been employed
to monitor the roasting process of coffee beans and to detect adulteration of grounded

coffee.[1.28-30]

3.3 Near Infrared Spectroscopy (NIRS)

The discovery of the near infrared (NIR) region of the light spectrum was documented
in the literature in 1800 by Frederick William Herschel and earliest studies on near
infrared spectroscopy (NIRS) date back to 1905 in a publication by William Weber
Coblentz. NIRS is defined as a technique that analyses the interaction between
electromagnetic radiation and matter, specifically within the spectral range of 780 nm
to 2500 nm, according to the International Union of Pure and Applied Chemistry
(IUPAC).B1-34]

Due to the complexity of NIR spectra, traditional methods of spectral interpretation are
not always an option, particularly when dealing with food matrices. Therefore,
multivariate approaches are used alongside the spectral data for analytical purposes.
With the development and advances of chemometrics in the second half of the
twentieth century, NIRS emerged as a powerful complementary technique for obtaining
both qualitative and quantitative results. In the context of food quality and authenticity,
NIRS has proven to be a promising tool, offering shorter analysis times, minimal
sample preparation, and the possibility of onsite measurements through the use of
portable sensors, making it an attractive alternative to conventional instrumental

analyses.[3536]

3.4 Chemometrics
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According to the International Union of Pure and Applied Chemistry (IUPAC),
chemometrics, a term first coined by Svante Wold in 1971, is defined as the “science
of relating measurements made on a chemical system or process to the state of the
system via application of mathematical or statistical methods”. It was developed as a
solution for the increasing volume of data generated by modern analytical instruments
and the parallel advancement of computer technology. In simpler terms, chemometric
analysis is the use of multivariate statistical techniques as tools to extract meaningful
chemical information from complex data matrices that is easier to chemically

interpret.[37:38l

3.4.1 Principal Component Analysis (PCA)

Principal component analysis (PCA) is an exploratory analysis technique first
presented by Karl Pearson in 1901, even before the advent of chemometrics. PCA is
a statistical method that reduces the dimensionality of large datasets, while aiming to
preserve the most variance possible. It calculates new variables, principal components
(PCs), linearly independent of one another, but that are linear combinations of the
original variables. This new and simplified information can then be visualized in a plane

or a higher dimensional space for easier analysis.[3%40]

In a study with the objective of discriminating samples in an unsupervised manner,
PCA can be used by plotting the scores, which are the projections of the original
samples onto the new PCs axes, of each sample on the relevant PCs and looking for
clusters of samples that can be identified as similar. For chemically interpreting this
clustering effect, it is important to study the variable’s loadings, vectors that indicate
the contribution of each original variable to a given PC, therefore, it is possible to
identify which variables are most strongly associated with a group of samples.!*']

3.4.2 Partial Least Squares Discriminant Analysis (PLS-DA)
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The first use of partial least squares (PLS) for discriminating between samples from
two classes occurred in 1987. In this study by Lars Stahle and Svante Wold, an
algorithm was developed and validated by a Monte Carlo study, using the multivariate
regression method and cross-validation to discriminate between a control and a test
group.*2 It was only in 2003 that the partial least squares discriminant analysis (PLS-

DA) method was formalized.!*3]

Discriminant analysis is a technique used to classify elements of a group based on
predefined information about the different possible subgroups. PLS-DA uses PLS
regression and a vector of dummy variables for creating rules of classification for each
class, utilizing Bayesian theory for determining a threshold between the two classes.
One limitation of this method is the requirement for prior information about all samples

to ensure good discrimination.[44:4]

To interpret the model, it is essential to examine its informative vectors. Two of the
most used vectors for this purpose are the Variable Importance in Projection (VIP)
scores and the Regression Vector. VIP Scores identify the variables that contribute
most significantly to the model in absolute terms, while the Regression Vector reflects
how variables are correlated with each class, positively or negatively, in the dummy
variable vector. By checking these vectors, it is possible to identify which variables are

most relevant for discriminating the class of interest.[46-48l

3.4.3 Soft Independent Modelling of Class Analogies (SIMCA) and Data
Driven Soft Independent Modelling of Class Analogies (DD-SIMCA)

In the search for a classification method capable of empirically describing whether
objects belong to a known or unknown class, the soft independent modelling of class
analogies (SIMCA) was developed and introduced in 1976 by Svante Wold. This
method assumes that the information of a set of similar samples follows a consistent

and modellable distribution according to the Bayes theorem.[#4:49]

The one-class SIMCA model uses PCA to define an enclosed class space constructed
solely from the samples of the target class in the training set, eliminating the need for
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representative samples from external classes. This strategy eliminates the possibility
of the overlapping of two classes, in which a sample can be classified as being
assigned to more than one class, and also the possibility that a sample is not located
within the acceptance values of any of the modeled classes as each sample is

classified as either belonging or not belonging to the target class.#4:49.50]

Another alternative for addressing problems requiring the determination of only one
class was presented in data driven soft independent modelling of class analogies (DD-
SIMCA) by Yuri Zontov in 2017 as a modification of the original SIMCA algorithm. In
DD-SIMCA, PCA is used to define acceptance thresholds and samples will be
classified by their score distances and orthogonal distances as regular, external or

outliers.[51.52]

For chemically interpreting the SIMCA and DD-SIMCA models, the informative vector
modelling power can be evaluated. This involves analyzing the residual variance for
each variable with its corresponding total variance to determine which variables are
most influential in modeling the target class space. With this information, it is possible

to identify the chemical properties that differentiate the target samples from others.[53l

3.5 Data Fusion

When studying complex matrices such as coffee, a single instrumental analysis may
not be able to provide fully accurate authentication of the sample. In such cases, a
viable strategy is to combine multiple analytical techniques that provide
complementary chemical or physical information about the sample. The data obtained
from these techniques can be integrated into a single dataset to construct multivariate
models that improve classification performance compared to models based on a single
analytical technique.[5*5]

These strategies of data fusion can be classified at three levels: low, mid or high level,
depending on the type of data processing performed before combining the matrices.
In low-level data fusion, the raw data matrices from each technique are directly
concatenated without prior transformation (except for preprocessing and variable

selection). In mid-level or intermediate-level fusion only the most relevant variables
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from each data source are selected and included in the final data matrix. In high-level
data fusion separate chemometric models are built for each analysis and then their
outputs are combined to form a single dataset. Each strategy has its own strengths

and limitations and may be better suited for the specific type of applications at hand.>4

3.6 Figures of Merit

When constructing multivariate models for food authentication, it is essential to validate
the models to ensure their effectiveness. For qualitative methods, binary figures of
merit (FOM) related to accuracy (ACC) are the most used for this validation. Among
these FOMs, the European Commission defines sensitivity rate (STR) and specificity
rate (SPR) as the most important ones. STR is a FOM related to the false negative
rate and measures the proportion of actual positive samples that are correctly identified
by the model, while SPR is related to the false positive rate and quantifies the
proportion of negative samples that are correctly classified. Another FOM used for
accuracy evaluation is the efficiency rate (EFR), defined as 1 - (STR + SPR), which

offers a balanced overview of the model’s accuracy across both classes.[%6:57]

To calculate these metrics, a confusion matrix is typically employed. In this matrix,
each column represents the true class assignment of the samples, while each row
corresponds to the predicted class assignment. In an ideal model, all samples are
correctly classified, forming a diagonal matrix. The numerical values of the matrix can
then be used to determine the model's trueness and to calculate the corresponding

accuracy rates.[44.56]
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4 METHODOLOGY

41 Samples

The medium roasted commercial coffee samples were obtained from producers in four
different states: Minas Gerais, Espirito Santo, Rondbénia, and Amazonas, with 30
samples collected from each state. The samples were grounded using a Hamilton
Beach 80393-BZ127 domestic coffee grinder and stored under refrigeration until
analysis. The grinder was cleaned and dried between each sample to prevent cross
contamination. For each state, it was assigned a two-letter code, combining the coffee
variety with the state’s demonym, along with a symbol for use in the chemometric

models, as shown in Table 1.

Table 1. Samples codes and symbols.

State Variety Demonym Code Samples Symbol
Minas Gerais  Conilon Mineiro CM 30 A
Espirito Santo Conilon Capixaba cC 30

Ronddnia Robusta  Rondoniense RR 30 0
Amazonas Robusta Amazonense RA 30 °

4.2 Differential Scanning Calorimetry (DSC)

DSC curves were obtained with a DSC-60 from Shimadzu. The analyses were
performed using samples masses of about 1.75 mg (£0.25 mg) in aluminum crucible
with heating rate of 10 °C min', under nitrogen atmosphere at flow 50 mL min-! and at

the temperature range between 40 °C and 400 °C. These conditions of heating rate
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and temperature range were defined as optimal for the time of analysis and resolution

of peaks after preliminary tests realized.

4.3 Near Infrared Spectroscopy (NIR)

NIR spectra were obtained using a portable MicroNIR® (Viavi), in the wavelength
between 908 nm and 1676 nm, with a resolution of 6 nm. The analyses were performed
inside a 2 mL glass vial held by a 3D printed support designed by the author and his
research group. The spectra were acquired using diffuse reflectance mode and the
equipment lamp was maintained at temperature between 40 °C and 50 °C. For each

sample, 20 scans were obtained with a time of 1 second between scans.

44 Chemometric Modeling

Chemometric analyses were performed using MATLAB version 7.11.0 (MathWorks
Inc), PLS_Toolbox version 5.2.2 (Eigenvector Co.) and DD-SIMCA toolbox version 1.2
(Zontov, et al. 2017).05]

4.41 Data Preprocessing

The DSC curves and NIR spectra were imported to MATLAB using routines written by
the author, presented in Appendix A1 and A2, respectively.

The DSC curves were normalized by the sample mass. Increments of 0.1 °C were
selected and missing points were completed with the mean of the values before and
after. The points between 200 °C and 400 °C were selected for the model, totalizing
2001 variables. The initial temperature utilized was chosen since no peaks were
observed before 200 °C, as it is the commercial roasting temperature of coffee. The
curves were then pre-processed with Savitzky-Golay (SG) filter, standard normal
variate (SNV) and mean center (MC).
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The data obtained from the 20 scans of the NIR spectra was converted from
transmittance values to absorbance using Equation 1. The data obtained was then pre-
processed with Savitzky-Golay (SG) filter, standard normal variate (SNV) and mean
center (MC).

A =2—1log(R) Eq. (1)

4.4.2 Data Fusion

For data fusion models, the low-level approach was selected. Data from each analysis
was preprocessed individually and then all variables from both techniques were
concatenated in a single matrix and autoscaled with the DSC variables first, ranging

for variable scale from 1 to 2001 and NIR variables second, ranging from 2002 to 2126.

4.4.3 Principal Component Analysis (PCA)

Exploratory analyses were performed using PCA to differentiate between the conilon
coffee from Mutum and the canephora coffee samples from other Brazilian States

analyzed.

The datasets for the PCA models were built containing all the 120 samples, divided
into four classes, one for each state. The optimal number of PCs for PCA models was
chosen based on the captured variance.

To further elucidate the separation of the classes, PCA loadings were evaluated to

determine the contribution of each variable to the models.

4.4.4 Partial Least Squares Discriminant Analysis (PLS-DA)
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PLS-DA models were built for discriminating between the samples from the city of

Mutum, in the Brazilian State of Minas Gerais and the other producer regions.

The datasets for the PLS-DA models were built using the routine written by the author,
presented in Appendix A3. Each class was divided between training and test set using
the Kennard-Stone algorithm with two thirds of the samples being selected for the
training set.l%® A non-binary approach, PLS2-DA was chosen for these analyses,
modeling representative samples from each class on the training set. The results are
displayed, however, on a binary form, with samples predicted by the model as being
from Minas Gerais being placed above the threshold. The optimal number of latent

variables was chosen by random subsets cross-validation procedure.

To further interpretate the discrimination by the models, the variable importance in
projection (VIP) scores and the regression vectors were plotted. VIP scores identify
the variables that contribute most significantly to the model, in absolute terms, while

regression vector reflects how variables are correlated with each class.

4.4.5 Soft Independent Modelling of Class Analogies (SIMCA) and Data
Driven Soft Independent Modelling of Class Analogies (DD-SIMCA)

SIMCA and DD-SIMCA models were built for authenticating the samples from the city

of Mutum, Minas Gerais against the other producer regions.

The datasets for the SIMCA and DD-SIMCA models were built using the routines
written by the author, presented in Appendix A4 and A5, respectively, following a
rigorous approach, in which only samples from the target class are used for the
modelling in the training set, in opposition to the compliant approach, in which
representative samples from both target and non-target classes are utilized in this step.
The samples from Minas Gerais were divided between training and test set using the
Kennard-Stone algorithm with two thirds of the samples being selected for the training
set.[8 All samples from the other states were placed in the test set. The optimal

number of PCs was chosen by random subsets cross-validation.
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To further interpretate the models, the modelling power of the variables were plotted
using the routine written by the author, presented in Appendix A6. The modelling power

determines which variables are the most influential in modeling the target class space.

4.4.6 Outlier detection

The outlier detection was performed by selecting the samples with Hotelling’s T2 and
Q residuals above the 95% confidence limit. For each model, up to three rounds of
outlier detection were conducted and a maximum of 22.2% of the samples of each

class was removed.[®

4.4.7 Qualitative Validation

For each supervised model built, FOMs based on the true positive (TP), false positive
(FP), true negative (TN) and false negative (FN) rates were estimated. These FOMs
include the sensitivity rate (STR), specificity rate (SPR) and efficiency rate (EFR) and

are related to the accuracy (ACC) of the qualitative models.
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5 RESULTS AND DISCUSSION

5.1 Differential Scanning Calorimetry (DSC)

5.1.1 DSC Curves

The grounded coffee samples were analyzed by DSC and the curves were normalized
by the mass of each sample and preprocessed with Savitsky-Golay filter, using a 11-
point filter width and SNV. The DSC curves of the coffee samples before and after
preprocessing can be seen in Figure 1 and 2, respectively. Figure 3 shows average
DSC curves of the coffee samples from each different Brazilian State. The curves were

also mean centered for building chemometric models.
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Figure 1. DSC curves of coffee samples before preprocessing.
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Figure 2. DSC curves of coffee samples after preprocessing.
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Figure 3. Average DSC curve of coffee samples from each different Brazilian State.

After analyzing the DSC curves of the coffee samples, it is possible to identify three
main regions of exothermic events, one between 250 °C and 310 °C, another between
310 °C and 350 °C and the third between 350 °C and 400 °C. These peaks can be
associated with the decomposition of the sample and the release of volatile
components, but, as the coffee samples are complex matrixes, it is not possible to

identify specific compounds that generate each event seen in the DSC curves without
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the use of a coupled technique, such as infrared spectroscopy or mass spectrometry,
used as a detector.!]

The use of DSC is justified, however, particularly because the analysis is performed at
temperatures exceeding the typical roasting temperatures of commercial coffees,
thereby minimizing the influence of the manufacturing process on sample

discrimination.

5.1.2 Principal Component Analysis (PCA)

The PCA scores plot of PC1 versus PC3 for the DSC analysis can be seen in Figure
4. The model was built with 3 PCs and 88.00% accumulated variance captured. PC2
was not deemed relevant for the differentiation between coffees from Mutum and other

regions and its scores plot can be seen in Appendix B.

10
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Scores on PC 1 (61.82%)

Figure 4. PCA scores of PC1 versus PC3 for the canephora coffee samples analyzed with DSC. Red

triangles: CM; pink stars: CC; blue squares: RR; green circles: RA.

It is possible to see a good separation between the samples from Minas Gerais, in the
positive region of PC3 (8.18%), and the samples from other regions, in the negative
region.
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The PCA loadings for PC1 and PC3 can be seen in Figure 5 below.
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Figure 5. Loadings in PC1 (A) and PC3 (B) for the PCA model built with DSC data.

The loadings of PC1, seen in Figure 5A, show that the region of events between 350 °C
and 400 °C is the most relevant for PC1, contributing mostly for the negative part of
the PC, while the end of the curve contributes positively. The loadings of PC3, seen in
Figure 5B shows that the region between 250 °C and 310 °C contributes positively for
the PC3, while the region between 310 °C and 350 °C contributes negatively. The
region between 350 °C and 400 °C is split between the two parts of the PC. These
contributions can be associated with the separation between the samples, with the

events occurring between 250 °C and 310 °C being more relevant for the coffee
samples from Minas Gerais.

5.1.3 Partial Least Squares Discriminant Analysis (PLS-DA)

The results for the PLS-DA model built using DSC data can be seen in Figure 6. The

model was built with 7 LVs, capturing 96.77% accumulated variance in the X block and
61.30% accumulated variance in the Y block.
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Figure 6. PLS2-DA predicted classes for samples of different Brazilian States analyzed with DSC. Red
triangles: CM; pink stars: CC; blue squares: RR; green circles: RA. The horizontal dashed line indicates
the estimated threshold for predictions. The vertical dashed line indicates the separation between

training and test samples.

The model presented a good discrimination, with only one false positive on the training
set and no error in the test set. The VIP scores and the regression vector can be seen

in Figure 7.
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Figure 7. Informative vectors VIP scores (A) and regression vector (B) for the PLS2-DA model built with
DSC data.
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The VIP scores plot, seen in Figure 7A, shows that the region of events between
310 °C and 350 °C is the most important for the modeling of coffees from Minas Gerais,
and the regions between 250 °C and 310 °C and between 350 °C and 400 °C have
similar importances. The regression vector, seen in Figure 7B, shows that the region
between 250 °C and 310 °C contributes especially to the samples above the threshold,
while the region between 310 °C and 350 °C contributes for the samples below the
threshold. The region between 350 °C and 400 °C has an intermediate behavior

between these two previous regions.

5.1.4 Soft Independent Modelling of Class Analogies (SIMCA)

The results for the SIMCA model built using DSC data can be seen in Figure 8. The

model was built with 7 PCs and accounted for 98.87% of the total variance.
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Figure 8. Class predictions for SIMCA model built with samples of different Brazilian States analyzed
with DSC. Red triangles: CM; pink stars: CC; blue squares: RR; green circles: RA. The vertical dashed

line indicates the separation between training and test samples.

The training set of the model presented no errors, while the test set presented 17 false
positives and 4 false negatives. The modelling power vector of the variables is

presented in Figure 9.
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Figure 9. Modeling power vector for the SIMCA model built with DSC data.

The modelling power of the variables shows that the events in 280 °C, 310 °C and
395 °C were considered by the model as the most important ones for the separation

between classes.

5.1.5 Data Driven Soft Independent Modelling of Class Analogies (DD-
SIMCA)

The acceptance plots for the DD-SIMCA model built using the DSC data can be seen
in Figure 10. The model was built with 7 PCs and accounted for 98.87% of the total

variance.
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Figure 10. Acceptance plot for training (A) and test sets (B) of the DD-SIMCA model built with samples
of different Brazilian States analyzed with DSC. Red triangles: CM; pink stars: CC; blue squares: RR;

green circles: RA.

The training set of the model presented no errors, while the test set presented 9 false
positives and 4 false negatives, a result similar to that obtained with the SIMCA model.
The modelling power vector is presented in Figure 11.
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Figure 11. Modeling power vector for the DD-SIMCA model built with DSC data.
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The modelling power vector shows that the same regions of events as those previously
indicated for the SIMCA model were considered by DD-SIMCA as the most important

ones for the authentication of the coffee from Minas Gerais.

5.2 Near Infrared Spectroscopy (NIR)

5.2.1 NIR Spectra

The grounded coffee samples were analyzed by NIR spectroscopy and the spectra
were preprocessed by Savitsky-Golay filter, using a 11-point filter width, and SNV. The
NIR spectra of coffee samples before and after preprocessing can be seen in Figure
12 andFigure 13, respectively. Figure 14 shows the average NIR spectrum of the
coffee samples from each different Brazilian State. The spectra were also mean

centered for the use in the chemometric models.
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Figure 12. NIR spectra from coffee samples before preprocessing.
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Figure 13. NIR spectra from coffee samples after preprocessing.
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Figure 14. Average NIR spectra of coffee samples from each different Brazilian State.

By observing NIR spectra of the coffee samples, three absorption bands can be
identified around 920 nm, 1200 nm and 1450 nm. The band around 920 nm can be
correlated to the third overtone of H20, the 1200 nm spectral band can be associated
with the second overtone of CH stretching and the 1450 nm band can be assigned to
the second overtone of ROH and H20!%%. NIR spectroscopy is a technique with limited
selectivity, and these spectral attributions cannot be directly associated with any

particular component of the coffee samples like caffeine or chlorogenic acids.
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Figure 15 shows the average spectra of coffee samples from Mutum with different roast

levels.
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Figure 15. Difference between the NIR spectra of the coffee samples with different roast levels.

This figure indicates that the light roast samples exhibit a relatively lower absorption
band around 920 nm and a higher absorption band around 1200 nm compared to the
medium roast samples. This observation demonstrates that the NIR spectra is
influenced by the roast level of the coffee, suggesting that the manufacturing process
can affect the spectral characteristics and, consequently, the discrimination or the

authentication of the samples.

5.2.2 Principal Component Analysis (PCA)

The PCA scores plot of samples versus PC1 for the NIR analysis can be seen in Figure
16. The model was built with only one PCs and 96.63% accumulated variance

captured.
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Figure 16. PCA scores of PC1 versus sample for the canephora coffee samples analyzed with NIR.
Red triangles: CM; pink stars: CC; blue squares: RR; green circles: RA.

It is possible to see a tendency of separation between samples from Minas Gerais,
especially in the positive region of PC1, and the samples from other regions, especially

on the negative region of PC1. The loadings for PC1 can be seen in Figure 17 below.
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Figure 17. Loadings in PC1 for the PCA model built with NIR data.
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The loadings of PC1, seen in Figure 17A, show that the third overtone of H20 band
contributes positively for PC1, while the spectral bands of the second overtones of CH,
ROH and H20 contribute negatively for this PC.

5.2.3 Partial Least Squares Discriminant Analysis (PLS-DA)

The results for the PLS-DA model built using the NIR data can be seen in Figure 18.
The model was built with 6 LVs, capturing 99.97% accumulated variance in the X block

and 55.94% accumulated variance in the Y block.
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Figure 18. PLS2-DA predicted classes for samples of different Brazilian States analyzed by NIR
spectroscopy. Red triangles: CM; pink stars: CC; blue squares: RR; green circles: RA. The horizontal
dashed line indicates the estimated threshold for predictions. The vertical dashed line indicates the

separation between training and test samples.

The model presented almost perfect discrimination, with only one false positive in the

training set and no error in the test set.

The VIP scores and the regression vectors of the variables can be seen in Figure 19.

120
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Figure 19. Informative vectors VIP Scores (A) and Regression coefficients (B) for the PLS2-DA model
built with NIR data.

The VIP Scores plot, seen in Figure 19A shows that all three spectral bands at 920
nm, 1200 nm and 1450 nm have similar importance for the discriminant power of the
model. The regression vector, seen in Figure 19B, shows that the third overtone of
H20 band contributes to the samples from other states (below the threshold), while
bands assigned to second overtones of CH, ROH and H20 contribute for the target

samples, predicted above the threshold.

5.2.4 Soft Independent Modelling of Class Analogies (SIMCA)

The SIMCA model built using NIR data can be seen in Figure 20. The model was built

with 4 PCs and accounted for 99.91% of the total variance.
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Figure 20. Class predictions for SIMCA model built with samples of different Brazilian States analyzed
by NIR spectroscopy. Red triangles: CM; pink stars: CC; blue squares: RR; green circles: RA. The

vertical dashed line indicates the separation between training and test samples.

Both training and validation sets presented no false positive or false negative errors.

The modelling power vector is presented in Figure 21.
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Figure 21. Modeling Power for the SIMCA model built with NIR data.

The modelling power of the variables shows that NIR band assigned to second
overtone of CH was not considered relevant by the model for the authentication, while
the bands of the third overtone of H20 and second overtone of H20 and ROH were

considered important.

5.2.5 Data Driven Soft Independent Modelling of Class Analogies (DD-
SIMCA)
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The acceptance plots for DD-SIMCA model built using NIR data can be seen in Figure

22. The model was built with 4 PCs and accounted for 99.91% of the total variance.
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Figure 22. Acceptance plot for training (A) and test sets (B) of DD-SIMCA model built with samples of
different Brazilian States analyzed by NIR spectroscopy. Red triangles: CM; pink stars: CC; blue

squares: RR; green circles: RA.

Both training and validation sets presented no false positive or false negative errors, a
result identical to that obtained with the SIMCA model. The modelling power vector is

presented in Figure 23.
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Figure 23. Modeling power vector for the SIMCA model built with NIR data.
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The modelling power of the variables shows that the band of the second overtone of
CH was not considered relevant by the model for authentication, while bands assigned
to the third overtone of H20, to the second overtone of H20 and to ROH were

considered important. This result is similar to that obtained with SIMCA model.

53 Data Fusion

5.3.1 Principal Component Analysis (PCA)

The PCA scores plot of PC3 versus PC4 for fused DSC and NIR data can be seen in
Figure 24. The model was built with 4 PCs and 92.73% accumulated variance
captured. PC1 and PC2 were not deemed relevant for the differentiation between

coffees from Mutum and other regions and the respective scores plot can be seen in

Appendix B.
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Figure 24. PCA scores plot of PC3 versus PC4 for the canephora coffee samples analyzed by the data

fusion model DSC-NIR. Red triangles: CM; pink stars: CC; blue squares: RR; green circles: RA.

It is possible to see a good separation between the Mineiro samples, especially in the

positive region of PC4 and negative region of PC3, while the samples of other States
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are dispersed in other regions of the plot. The loadings for PC3 and PC4 can be seen

in Figure 25 below.
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Figure 25. Loadings of PC3 (A) and PC4 (B) for the PCA model built with fused DSC and NIR data.

The loadings of PC3, seen in Figure 25A, show that the regions of DSC events
between 250 °C and 310 °C and 310 °C and 350 °C, and the NIR bands of the third
overtone of H20 and second overtones of CH, ROH and H20 contribute positively for
this PC, while the region of DSC events between 350 °C and 400 °C contributes
negatively for the PC. The loadings of PC4, seen in Figure 25B show that the regions
of DSC events between 250 °C and 310 °C and 310 °C and 350 °C contributes
negatively for this PC, while the region of DSC events between 350 °C and 400 °C is
divided between both regions of this PC. The NIR bands assigned to third overtone of
H20 and second overtones of H20 and ROH contribute positively for the PC, while the
band of second overtone of CH contributes negatively. These contributions indicate
that the region of DSC events between 350 °C and 400 °C and the bands associated
to H20 and ROH are more correlated with the class of coffees from Minas Gerais.

5.3.2 Partial Least Squares Discriminant Analysis (PLS-DA)
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The PLS-DA model built using the fused DSC and NIR data can be seen in Figure 26.
The model was built with 8 LVs, capturing 97.11% accumulated variance in the X block

and 66.09% accumulated variance in the Y block.
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Figure 26. PLS2-DA predicted classes for samples of different Brazilian States analyzed by the DSC
and NIR data fusion model. Red triangles: CM; pink stars: CC; blue squares: RR; green circles: RA. The
horizontal dashed line indicates the estimated threshold for predictions. The vertical dashed line

indicates the separation between training and test samples.

The model presented perfect discrimination, with no false positive or negative errors
on the training or the test set. The VIP scores and the regression vectors can be seen

in Figure 27.
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Figure 27. Informative vectors VIP Scores (A) and Regression coefficients (B) for the PLS2-DA model
built with fused DSC and NIR data.

The VIP Scores plot, seen in Figure 27A, shows that the regions of DSC events
between 310 °C and 350 °C and between 350 °C and 400 °C, as well as the NIR
spectral bands assigned to the third overtone of H20 and to second overtones of CH,
ROH and H20 were considered relevant for the model. The regression vector, seen in
Figure 27B, shows that the region of DSC events between 310 °C and 350 °C
contributes for the samples below the threshold, while the region of DSC events
between 350 °C and 400 °C contributes to the samples above the threshold. The NIR
spectral bands are split between the two regions, with the bands assigned to the third
overtone of H20 and second overtones of H20 and ROH contributing to authentic
samples (above the threshold), while the band assigned to the second overtone of CH

contributes to the other samples, below the threshold.

5.3.3 Soft Independent Modelling of Class Analogies (SIMCA)

The SIMCA model built using fused DSC and NIR data can be seen in Figure 28. The

model was built with 7 PCs and accounted for 98.90% of the total variance.
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Figure 28. Class predictions for SIMCA model built with samples of different Brazilian States analyzed
by DSC and NIR after data fusion. Red triangles: CM; pink stars: CC; blue squares: RR; green circles:

RA. The vertical dashed line indicates the separation between training and test samples.

The training set presented no errors, while the test set presented 11 false positives

and 1 false negative. The modelling power of the variables is presented in Figure 29.
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Figure 29. Modeling power vector for the SIMCA model built with fused DSC and NIR data.

The modelling power vector shows that the region of DSC events between 350 °C and
400 °C and the spectral bands assigned to the third overtone of H20 and to the second
overtone of CH were considered by the SIMCA model as the most important variables

for the authentication of the target class.

5.3.4 Data Driven Soft Independent Modelling of Class Analogies (DD-
SIMCA)
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The acceptance plots for the DD-SIMCA model built using fused DSC and NIR data

can be seen in Figure 30. The model was built with 7 PCs accounted for 98.90% of the

total variance.
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Figure 30. Acceptance plot for training (A) and test sets (B) of DD-SIMCA model built with samples of
different Brazilian States analyzed by DSC-NIR data fusion model. Red triangles: CM; pink stars: CC;
blue squares: RR; green circles: RA.

The training set presented no errors, while the test set presented 16 false positives
and 6 false negatives, a result similar to that obtained with the SIMCA model. The

modelling power vector is presented in Figure 31.
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Figure 31. Modeling power vector for the SIMCA model built with fused DSC and NIR data.

The modelling power vector shows that the same variables previously highlighted by

SIMCA were considered by the model as the most important ones for authentication.

5.4 Qualitative Validation

For validation and comparison between the built models, figures of merit (FOM)

associated with accuracy rates were estimated. Those FOMs are presented in Table

2 presented below.

Table 2. Figures of merit for supervised classification models.

Analysis Model LVs/PCs Training Set Test Set
Sensitivity Specificity Efficiency Sensitivity Specificity Efficiency
PLS-DA 7 100.00% 98.31% 99.15% 100.00%  100.00%  100.00%
DSC SIMCA 7 100.00% - - 60.00% 80.90% 69.67%
DD-SIMCA 7 100.00% — - 40.00% 82.22% 57.35%
PLS-DA 6 100.00% 98.33% 99.16% 100.00%  100.00% 100.00%
NIR SIMCA 4 100.00% - - 100.00%  100.00%  100.00%
DD-SIMCA 4 100.00% - - 100.00%  100.00% 100.00%
Data PLS-DA 8 100.00%  100.00% 100.00% 100.00% 100.00%  100.00%
Fusion SIMCA 7 100.00% - - 90.00% 87.64% 88.81%
DD-SIMCA 7 100.00% - - 60.00% 90.00% 73.48%
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All the models built obtained global efficiency values above 50% for the authentication
of discrimination between coffees from Minas Gerais and from other Brazilian States,

especially PLS-DA and one-class models built with NIR data.

The models built using NIR data generally obtained better performance, but NIR
spectra are sensitive to the roasting process of each sample, as the color and the
volatile composition of the coffee can be varied during this process, what may affect
the model if the roasting level was not controlled. Differential scanning calorimetry can
be used as an alternative for this problem, as the analysis was performed above the
commercial roasting temperature of coffee, mitigating the variance derived from the
roasting process. Combining both techniques in a data fusion strategy is presented as
an option for providing more accurate and confident results than those obtained with
individual techniques, while increasing the robustness of the analysis regarding the

roasting level of the samples.

Although PLS-DA models provided the best results among all the supervised
classification methods used, it may not be able to predict samples from regions outside
those modeled in the training set, requiring representative samples from all modeled
classes. The possibility of generating a model with low robustness regarding other
producer regions should be avoided. One class methods, such as SIMCA and DD-
SIMCA, on the other hand, require only samples from the target class and will classify
the samples as belonging or not to that class, generating a more robust model more

suitable coffee authentication tool.
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6 CONCLUSION

The instrumental analysis conducted in this study proved to be fast, with simple sample
preparation methods and in accordance with the green chemistry principles for the
analysis of coffee samples, but it was not possible to define specifical chemical
compounds to be characterized as markers for differentiating between the coffee
samples from the city of Mutum and the other producer regions. NIR spectroscopy has
been a technique vastly used in association with chemometric methods, while the use
of thermal analysis has still been rarely used in this context. NIR bands associated with
H20 and ROH compounds and decomposition events detected by DSC at
temperatures from 250 °C to 310 °C and from 350 °C to 400 °C were evaluated as the
most most important for characterizing coffee samples from Mutum.

The exploratory, discriminant analysis and one-class modeling models built using
individually DSC and NIR spectroscopy and data fusion strategy provided satisfactory
performance results for the classification of the conilon coffees produced in Mutum,
Minas Gerais. Models based on NIR spectroscopy provided better performance, but
they may not be robust to samples obtained at different roasting. Models based on
DSC are more robust regarding this variance of the manufacturing process, but they
provided lower efficiency rates. The data fusion strategy proved to be a good
alternative, incrementing the performance results of the DSC models and increasing
the robustness of the NIR models when dealing with samples of unknown
manufacturing process.

The developed discriminant models presented better classification than those from
one-class modelling, but may generate local models that need information about
representative samples of all the classes studied. The one-class methods, however,
presented more robust models that can be used with information solely about the target
class, being more suitable for the intended authentication.

This study provided fast and simple strategies for the authentication of canephora
coffee samples produced in the city of Mutum, in the State of Minas Gerais, using

traditional and less common instrumental analysis allied with chemometric tools.
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APPENDICES

APPENDIX A - MATLAB 2010B ROUTINES

A1. DSC Curves Import to Matlab

function importdsc(X, Y)

%

% Function:
% importdsc(X, Y)

%

% Usage:
% This function imports data from .txt files of DSC analyses in the current folder,
% processes them, and adds them to the MATLAB workspace.

%

% Parameters:
% X: initial value of the scale range

% Y: final value of the scale range

%
% The function performs the following steps:

% 1. Identifies all .txt files in the current folder.

% 2. Initializes the output matrices Scale and Data.

% 3. For each .txt file:



%

%

%

%

%
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a. Opens the file and reads its content.

b. Identifies the line containing the sample weight.

c. Locates the [Data] section and extracts the data columns.

d. Processes the data line by line and interpolates the DSC mW values.

e. Adds the processed data to the Data matrix.

% 4. Imports a vector with the sample labels.

% 5. Adds the variables Scale, Data, and Label to the base MATLAB workspace.

%

% Written by:

% Hélio Milito Martins de Amorim Neto

% Department of Chemistry, Institute of Exact Sciences

% Federal University of Minas Gerais

% January 2025

%

% |dentify .txt files in the current folder

asc = dir(".txt');

% Initialize output matrices

Scale = X:0.1:Y; % Vector for the range specified by the user

Data = []; % Imported data for all samples

for i = 1:length(asc)

% Open the current file



fileID = fopen(asc(i).name, 'r');

content = textscan(filelD, '%s', 'Delimiter’, \n');

content = content{1};

fclose(fileID);

% Find sample weight

weightLine = false(size(content));

for j = 1:length(content)

if ~isempty(strfind(content{j}, 'Sample Weight:'))
weightLine(j) = true;

end

end

weightStr = regexp(content{weightLine}, \d+\.\d+', 'match’);
if isempty(weightStr)

error('Could not find sample weight in file %s.', asc(i).name);
end

sampleWeight = str2double(weightStr{1});

% Locate the [Data] section and extract columns

dataStart = find(~cellfun('isempty', strfind(content, '[Data]'))) + 2;

if isempty(dataStart)
error('[Data] section not found in file %s.', asc(i).name);

end

68



rawData = content(dataStart:end);

% Process data line by line

dataArray = [];

for j = 1:length(rawData)

lineData = sscanf(rawData{j}, '%f');

if length(lineData) == 3 % Ensure there are 3 columns

dataArray = [dataArray; lineData'];

end

end

% Check if expected columns are present

if size(dataArray, 2) < 3

error('Insufficient data in file %s. Check if columns are complete.', asc(i).name);
end

% Extract and process columns

tempC = round(dataArray(:, 2) * 10) / 10; % Round Temp C to 1 decimal place

dscMw = dataArray(:, 3) / sampleWeight; % Divide DSC mW by sample weight
% Create temporary matrix for interpolation

tempMatrix = [tempC, dscMw];

% Remove duplicates and interpolate missing values

[uniqueTemp, ia, ~] = unique(tempMatrix(:, 1));

uniqueDSC = tempMatrix(ia, 2);
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interpolatedDSC = interp1(uniqueTemp, uniqueDSC, Scale, 'linear', 'extrap');
% Fill in missing values as specified

for j = 1:length(interpolatedDSC)

if isnan(interpolatedDSC(j))

prev = find(~isnan(interpolatedDSC(1:j-1)), 1, 'last");

next = find(~isnan(interpolatedDSC(j+1:end)), 1, 'first') + j;

if ~isempty(prev) && ~isempty(next)

interpolatedDSC(j) = mean([interpolatedDSC(prev), interpolatedDSC(next)]);
elseif ~isempty(prev)

interpolatedDSC(j) = interpolatedDSC(prev);

elseif ~isempty(next)

interpolatedDSC(j) = interpolatedDSC(next);

else

interpolatedDSC(j) = 0; % Default value if none available

end

end

end

% Add processed data column

Data = [Data, interpolatedDSC'];

end

% Import vector with sample labels
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asc = dir(".txt');

file_names = {asc.name};

Label = cellfun(@(x) strtok(x, '."), file_names, 'UniformOutput’, false);
assignin(‘base’, 'Label', Label);

clear file_names asc

% Add variables Scale, Data, and Label to the base workspace
assignin('base’, 'Scale', Scale'); % Transposed Scale
assignin(‘base’, 'Data’, Data'); % Transposed Data

assignin(‘base’, 'Label', Label); % Label vector

end

A2. NIR Spectra Import to Matlab

%

% Function:
% importnir

%

% Usage:
% This function imports data from .csv files of NIR analyses in the current folder,

% processes them, and adds them to the MATLAB workspace.

%

% The function performs the following steps:
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% 1. Identifies all .csv files in the current folder.

% 2. Initializes the output matrices Scale and Data.

% 3. For each .csv file:

% a. Opens the file and reads its content.

% b. Checks if the decimals are separated by a dot.

% c. If the decimals are separated by a comma, replaces it with a dot.

% d. Performs the logarithmic conversion of the spectra.

% e. Adds the processed data to the X matrix.

% 4. Imports a vector with the sample labels.

% 5. Adds the variables Scale, X, and Label to the base MATLAB workspace.

%

% Written by:

% Hélio Milito Martins de Amorim Neto

% Department of Chemistry, Institute of Exact Sciences
% Federal University of Minas Gerais

% January 2025

%

% 1st: List all CSV files in the current folder
asc = dir("™*.csVv');
numfile = length(asc);

% Initialize processed data matrix



dadosX = cell(numfile, 1);

% Loop to process each CSV file

for k = 1:numfile

arquivo = asc(k).name;

% Open the file for reading

fid = fopen(arquivo, 'r");

if fid == -1

error('Could not open the file: %s', arquivo);

end

% Read all lines from the file

linhas = textscan(fid, '%s', 'Delimiter’, \n');

linhas = linhas{1};

fclose(fid);

% Check the number of commas in the second line (ignoring the header)
num_virgulas = length(strfind(linhas{2}, ',"));

% If there are 41 commas, replace commas in odd positions with dots
if num_virgulas == 41

for i = 2:length(linhas) % Start from the second line (ignore header)

% Find positions of all commas in the line

virgula_posicoes = strfind(linhas{i}, ',');

% Replace commas in odd positions with dots
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for j = 1:2:length(virgula_posicoes)

posicao = virgula_posicoes(j); % Position of the comma to be replaced
linhas{i}(posicao) ="."; % Replace comma with dot

end

end

% Save the modified file

novo_arquivo = strrep(arquivo, .csVv', '_modificado.csVv');

fid = fopen(novo_arquivo, 'w');

if fid == -

error('Could not create the modified file: %s', novo_arquivo);
end

for i = 1:length(linhas)

fprintf(fid, '%s\n', linhas{i});

end

fclose(fid);

% Update the file name to the modified file

arquivo = novo_arquivo;

elseif num_virgulas ~= 20

% If the number of commas is neither 20 nor 41, display a warning
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warning('The file %s has %d commas. No action was taken.', arquivo, num_virgulas);

end



% 4th: Apply the data processing routine

dadosX{k} = importdata(arquivo);

% Check if the data was imported correctly and has enough columns

if isfield(dadosX{k}, 'data’) && size(dadosX{k}.data, 2) >= 21

M = mean(dadosX{k}.data(:, 2:21)"); % Mean of columns 2 to 21

X(k, 1) =M;

else

error(‘The file %s does not contain enough data (at least 21 columns).', arquivo);
end

end

% Apply the transformation 2 - log(X)

X =2 -log(X);

% Extract labels from file names

nomes_arquivos = {asc.name}';

Label = cellfun(@(x) strtok(x, '."), nomes_arquivos, 'UniformOutput’, false);
% Extract the scale (first column of the data)

Scale = dadosX{1}.data(:, 1);

% Delete " _modificado.csv" files

modificados = dir("*_modificado.csv');

for k = 1:length(modificados)

delete(modificados(k).name);
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end

% Clear unnecessary variables

clear nomes_arquivos asc M dadosX k numfile fid linhas i j novo_arquivo num_virgulas
virgula_posicoes posicao modificados ans arquivo;

A3. PLS-DA Dataset construction

function [ModelPLSDA, TestPLSDA] = DS_PLSDA(varargin)
% DS_PLSDA splits multiple datasets using Kennard-Stone and merges them.

%

% Usage:

% [ModelPLSDA, TestPLSDA] = DS_PLSDA(S1, LabelS1, S2, LabelS2, ...)

%

% Inputs:

% -81,S82,... :Numeric datasets (matrices)

% - LabelS1, LabelS2, ... : Corresponding labels (categorical, numeric, or cell array)
%

% Outputs:
% - ModelPLSDA : Dataset containing all merged model sets
% - TestPLSDA : Dataset containing all merged test sets

%

% Example:

% [ModelPLSDA, TestPLSDA] = DS_PLSDA(data1, labels1, data2, labels2);
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%

% Written by:

% Hélio Milito Martins de Amorim Neto

% Department of Chemistry, Institute of Exact Sciences
% Federal University of Minas Gerais

% January 2025

%

numlinputs = length(varargin);

numDatasets = numlinputs / 2; % Number of datasets (each dataset has a

corresponding label)

if mod(numlinputs, 2) ~=0

error('Each dataset must have a corresponding label vector.");
end

modelSets = cell(1, numDatasets);

testSets = cell(1, numDatasets);

modelLabels = cell(1, numDatasets);
testLabels = cell(1, numDatasets);

for i = 1:numDatasets

X = varargin{2*i-1}; % Dataset

labels = varargin{2*i}; % Corresponding labels

% Validate dataset and labels



if ~isnumeric(X)

error('Dataset %d must be a numeric matrix.', i);

end

if length(labels) ~= size(X, 1)

error('Label vector %d must have the same number of rows as its dataset.', i);
end

numRows = size(X, 1);

k = round(2/3 * numRows); % Select 2/3 of the rows for the model set
% Apply the Kennard-Stone function

[model, test] = kenstone(X, k);

% Store model and test sets

modelSets{i} = X(model, :);

testSets{i} = X(test, :);

% Store corresponding labels

modelLabels{i} = labels(model, :);

testLabels{i} = labels(test, :);

end

% Merge all model sets, test sets, and their labels

ModelPLSDA = dataset(cat(1, modelSets{:}));

TestPLSDA = dataset(cat(1, testSets{:}));

LabelModel = cat(1, modelLabels{:});
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LabelTest = cat(1, testLabels{:});
ModelPLSDA.label{1}={LabelModel};
TestPLSDA.label{1}={LabelTest};

end

A4, SIMCA Dataset Construction

function [ModelSIMCA, TestSIMCA] = DS_SIMCA(varargin)

% DS_SIMCA applies Kennard-Stone only to the first dataset (S1), while all others are

test data.

%

% Usage:
% [ModelSIMCA, TestSIMCA] = DS_SIMCA(S1, LabelS1, S2, LabelS2, ...)

%

% Inputs:
% - S1, LabelS1: First dataset and labels (used for training/testing split)
% -S2, LabelS2, ...: Other datasets and labels (used entirely for testing)

%

% Outputs:
% - ModelSIMCA : Dataset containing training data (from S1)

% - TestSIMCA : Dataset containing test data (from S1 and all other datasets)

%

% Example:
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% [ModelSIMCA, TestSIMCA] = DS_SIMCA(data1, labels1, data2, labels2, data3,
labels3);

%
% Written by:

% Hélio Milito Martins de Amorim Neto

% Department of Chemistry, Institute of Exact Sciences
% Federal University of Minas Gerais

% January 2025

%

numlinputs = length(varargin);

if mod(numlinputs, 2) ~=0

error('Each dataset must have a corresponding label vector.");
end

numDatasets = numinputs / 2; % Number of dataset-label pairs
% Extract the first dataset and its labels

S1 = varargin{1};

LabelS1 = varargin{2};

% Validate the first dataset

if ~isnumeric(S1)

error(‘'The first dataset (S1) must be a numeric matrix.");

end



if length(LabelS1) ~= size(S1, 1)

error('LabelS1 must have the same number of rows as S1.');
end

numRows = size(S1, 1);

k = round(2/3 * numRows); % Select 2/3 of the rows for the training set
% Apply Kennard-Stone only to S1

[modelldx, testldx] = kenstone(S1, k);

% Training data (from S1)

ModelSIMCA = dataset(S1(modelldx, :));

LabelModel = LabelS1(modelldx, :);

% Test data (S1 test + all other datasets)

TestSIMCA = dataset(S1(testldx, :));

LabelTest = LabelS1(testldx, :);

% Process additional datasets (S2, S3, ...)

for i = 2:2numDatasets

X = varargin{2*i-1}; % Dataset

labels = varargin{2*i}; % Corresponding labels

% Validate dataset

if ~isnumeric(X)

error('Dataset %d must be a numeric matrix.', i);

end
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if length(labels) ~= size(X, 1)

error('Label vector %d must have the same number of rows as its dataset.', i);
end

% Add the entire dataset to the test set

TestSIMCA = dataset(cat(1, X, double(TestSIMCA))); % Convert to double to avoid

errors
LabelTest = cat(1, labels, LabelTest);
ModelSIMCA.label{1}={LabelModel};
TestSIMCA.label{1}={LabelTest};
end

end

Ab5. DD-SIMCA Dataset Construction

function [ModelDDSIMCA, TestDDSIMCA, LabelModel, LabelTest] =
DS_DDSIMCA(varargin)

% DS_DDSIMCA applies Kennard-Stone only to the first dataset (S1), while all others

are test data.

%
% Usage:

% [ModelDDSIMCA, TestDDSIMCA, LabelModel, LabelTest] = DS_DDSIMCA(S1,
LabelS1, S2, LabelS2, ...)

%

% Inputs:
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% - S1, LabelS1: First dataset and labels (used for training/testing split)
% -S2, LabelS2, ...: Other datasets and labels (used entirely for testing)

%

% Outputs:

% - ModelDDSIMCA : Dataset containing training data (from S1)

% - TestDDSIMCA : Dataset containing test data (from S1 and all other datasets)
% - LabelModel : Labels for ModeIDDSIMCA

% - LabelTest : Labels for TestDDSIMCA

%

% Example:

% [ModelDDSIMCA, TestDDSIMCA, LabelModel, LabelTest] = DS_DDSIMCA(data1,
labels1, data2, labels2, data3, labels3);

%

% Written by:

% Hélio Milito Martins de Amorim Neto

% Department of Chemistry, Institute of Exact Sciences
% Federal University of Minas Gerais

% January 2025

%

numinputs = length(varargin);

if mod(numlinputs, 2) ~=0



error('Each dataset must have a corresponding label vector.');
end

numDatasets = numinputs / 2; % Number of dataset-label pairs
% Extract the first dataset and its labels

S1 = varargin{1};

LabelS1 = varargin{2};

% Validate the first dataset

if ~isnumeric(S1)

error('The first dataset (S1) must be a numeric matrix.");

end

if length(LabelS1) ~= size(S1, 1)

error('LabelS1 must have the same number of rows as S1.');
end

numRows = size(S1, 1);

k = round(2/3 * numRows); % Select 2/3 of the rows for the training set

% Apply Kennard-Stone only to S1
[modelldx, testldx] = kenstone(S1, k);
% Training data (from S1)
ModelDDSIMCA = S1(modelldx, :);
LabelModel = LabelS1(modelldx, :);

% Test data (S1 test + all other datasets)
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TestDDSIMCA = S1(testldx, :);

LabelTest = LabelS1(testldx, :);

% Process additional datasets (S2, S3, ...)

for i = 2:numDatasets

X = varargin{2*i-1}; % Dataset

labels = varargin{2*i}; % Corresponding labels

% Validate dataset

if ~isnumeric(X)

error('Dataset %d must be a numeric matrix.', i);

end

if length(labels) ~= size(X, 1)

error('The label vector %d must have the same number of rows as its dataset.', i);
end

% Add the entire dataset to the test set

TestDDSIMCA = cat(1, double(TestDDSIMCA), X); % Convert to double to avoid errors
LabelTest = cat(1, LabelTest, labels);

end

end

AG. SIMCA and DD-SIMCA Modeling Power

%
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% Function:
% [Power] = ModelPower(X,T,P,E,L,C)

%

% Objective:
% Calculate and plot the modeling power for SIMCA and DD-SIMCA models

%

% Input:

% X, data matrix, samples in rows and variables in columns
% T, score matrix, samples in rows and PCs in columns

% P, loading matrix, PCs in rows and variables in columns
% E, variable vector, variables in row

% L, threshold (optional, if empty L = 0.9)

% C, number of classes (optional, if empty C = 1)

%

% Output:
% Power, Modeling Power

%

% Written by:
% Pedro Micael de Castro Caputo, Hélio Milito Martins de Amorim Neto
% Department of Chemistry, Institute of Exact Sciences

% Federal University of Minas Gerais
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% May 2024

%

% Reference:

% WOLD, Svante; SJIOSTROM, Michael. SIMCA: a method for analyzing chemical

data in terms of similarity and analogy.

% DOI: 10.1021/bk-1977-0052.ch012
function [Power] = ModelPower(X,T,P,E,L,C)
Data_Matrix_X = X;

Score_Matrix T=T,

Loading_Matrix_P = P;

if ~exist('E");

E = [1:size(Data_Matrix_X,2)]’;

end

scale_vector = E;

PC_components = size(Loading_Matrix_P,1);
N_training_samples = size(Data_Matrix_X,1);
V_model_variables = size(Data_Matrix_X,2);
if ~exist('L");

L=0.9;

end

Threshold = L;
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if ~exist('C');

C=1;

end

C_training_classes = C;

% Compute TxP, X_TxP, Eki2, Eik2, NA1
Matrix_TxP = Score_Matrix_T * Loading_Matrix_P;
Matrix_X_TxP = Data_Matrix_X - Matrix_TxP;
Matrix_Eki2 = Matrix_X_TxP .» 2;

Matrix_Eik2 = Matrix_EKki2";

NA1_value = N_training_samples - PC_components - 1;
% Compute Div, Q, sumSi, multSi, Si

Matrix_Div = Matrix_Eik2 / NA1_value;

Q_value = (1 / C_training_classes) * (V_model_variables) / (V_model_variables -

PC_components);

sum_Si = sum(Matrix_Div, 2);

mult_Si = Q_value * sum_Si;

Matrix_Si = sqgrt(mult_Si);

% Compute Ym, Ym_rep, Xt_Ym_rep, quadSiy, N_1_Siy, Siy
Vector_Ym = (sum((Data_Matrix_X'), 2)) / N_training_samples;
Matrix_Ym_rep = repmat(Vector_Ym, 1, size(Data_Matrix_X', 2));

Matrix_Xt_Ym_rep = Data_Matrix_X' - Matrix_Ym_rep;



Matrix_quadSiy = Matrix_Xt_Ym_rep."2;

Matrix_N_1_Siy = Matrix_quadSiy / (N_training_samples - 1);

Matrix_Siy = sqrt(sum(Matrix_N_1_Siy, 2));

% Compute Statistical Power

Power = 1 - (Matrix_Si ./ Matrix_Siy);

% Plot the modeling power graph

plot(scale_vector, Power, 'k-', 'LineWidth', 2);

hold on

plot(scale_vector, Threshold * ones(size(scale_vector)), 'r-', 'LineWidth', 2);
xlabel('Variables');

ylabel('Modeling Power (\psi)');

89



APPENDIX B — PCA SCORES PLOT
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Figure B1. PCA scores of sample versus PC2 for the canephora coffee samples analyzed with DSC.

Red triangles: CM; pink stars: CC; blue squares: RR; green circles: RA.
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Figure B2. PCA scores plot of PC1 versus PC2 for the canephora coffee samples analyzed by the data

fusion model DSC-NIR. Red triangles: CM; pink stars: CC; blue squares: RR; green circles: RA.
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