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Abstract: The present study comprises the second part of our previous work that dealt mainly with the
phytochemical and physicochemical characterization of green coffee, clove, cinnamon/clove and nutmeg
ethanolic extracts of grape origin. In the present study, we focused on producing a discriminating model
concerning green coffee, clove, cinnamon, cinnamon and clove, and nutmeg fine powders based on
multivariate analysis of variance and supervised learning on data of volatile compounds analysis, carried out
with solid phase dynamic extraction in combination with gas chromatography/mass spectrometry. Results
showed that 7 volatile compounds namely ethylene, methanol, 3-methylpentane, ethyl acetate, 9-hexadecen-1-
ol, toluene, and methyl acetate could differentiate the investigated samples resulting in a 100% classification
rate using the cross-validation method of linear discriminant analysis. Results were further confirmed using
partial least squares regression analysis. The study contributes to the typification of green coffee, cinnamon,
clove, cinnamon and clove and nutmeg, based on selected volatile compounds, and provides further support
to the literature by means of possible adulteration given the statistical models developed.
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1. Introduction

Spices were used by ancient Egyptians and during the Middle Ages, for flavoring and
medicinal purposes, but also for food preservation [1]. Spices have a considerable antioxidant activity
that is attributed to the high content of polyphenols, terpenoids and flavonoids [2] and nowadays,
some spices are higher in value than others, given their special flavoring, aromatic or coloring
properties these have [3]. Muzolf-Panek and Struper-Szablewska [2] reported that the high
antioxidant activity of clove (Syzygium aromaticum), is associated with flavonoids, and in general with
the total phenolic content. Numerous research studies in the recent literature, have highlighted the
importance of phytochemicals to human health. Cinnamon, which has around 250 species
(Cinnamomum genus), is one of the most known and used spices around the world [4]. The most
important health benefits of cinnamon are its antioxidant activity, antimicrobial properties, and anti-
inflammatory effects [5], attributed mainly to its high content of cinnamaldehyde in addition to the
considerable eugenol content [6]. Furthermore, a spice that is of great importance in cuisines around
the world is nutmeg (Myristica fragrans). Nutmeg consists mainly of essential oils (10%) and lipids
(30-40%) and has a distinctive odor due to the presence of terpenoids contained in essential oils [7].
Recent studies proved that nutmeg not only has antioxidant activity, but also a lot of health benefits
such as antidysentery, nerve stimulant and anti-inflammatory properties [8]. Regarding beverages,
coffee is probably the most famous beverage in the world as well as tea. The main species cultivated
is Arabica (Coffea arabica L.) and can be easily adulterated with a different kind of coffee beans, with
a lower value, named Robusta coffee (Coffea canephora) [9]. Coffee beans before roasting process
contain a high amount of polyphenols and chlorogenic acids like caffeic acid [10,11] which are
responsible for their high antioxidant activity [1]. Food typification is a recent and important topic
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concerning the numerous food scandals that happen nowadays [12]. Among foods of plant origin,
spices and beverages, such as coffee, are often subjected to adulteration for many reasons, mostly for
their economic value, health-beneficial properties, and their origin [3,12]. Therefore, there is a
growing demand by the Food authorities and industry for genuine products. In this context,
numerous analytical techniques have been developed to determine food authentication and food
fraud, including biological methods, such as polymerase chain reaction (PCR), DNA methods and
gel electrophoresis. In addition, chromatographic and spectrometric techniques, are commonly used
to identify any food adulteration, like isotope ratio mass spectrometry (IRMS), gas chromatography
coupled to mass spectrometry (GC-MS) in combination with solid phase extraction techniques,
nuclear magnetic resonance (NMR), inductively coupled plasma optical emission spectrometry (ICP-
OES) and others, in combination with chemometrics [13]. Considering the recent literature and
motivated by our previous study [1], the main scope of the present work was to identify any key
volatile markers of green coffee, clove, cinnamon, cinnamon and clove, and nutmeg powders using
supervised learning such as linear discriminant analysis (LDA) and partial least squares regression
(PLS) on the data of volatile compounds determined with solid phase dynamic extraction in
combination with gas chromatography/mass spectrometry (SPDE/GC-MS), and developing for this
purpose, differential equations. The results obtained in the present study might be of interest for the
typification and adulteration control of green coffee, clove, cinnamon, cinnamon and clove, and
nutmeg. To our knowledge, there is not any recent study with this hypothesis driven herein, this
constituting the novelty of the present work.

2. Materials and Methods

2.1. Preparation of Green Coffee, Clove, Cinnamon, Cinnamon and Clove, and Nutmeg Fine Powders

Green coffee (Coffea arabica, Guatemala Jasmin SHB EP), Clove (Syzygium aromaticum, Greece),
cinnamon (Cinnamomum burmanni, Indonesia), and nutmeg (Myristica fragrans, Indonesia) were
shattered into a fine powder using a blender (Rohnson, Heavy duty, Republic of Korea) prior to the
determination of volatile compounds. The mixture of cinnamon and clove samples was prepared by
blending equal proportions of the materials (1:1, w/w). All samples were purchased from local stores
in Agrinio (Aitoloakarnania, Greece).

2.2. Determination of Volatile Compounds

The volatile compounds of green coffee, clove, cinnamon, cinnamon and clove, and nutmeg
powders were identified using solid phase dynamic extraction (SPDE) coupled to gas
chromatography/mass spectrometry (GC-MS).

2.3. Extraction of Volatile Compounds

For the extraction of volatile compounds of clove, cinnamon, nutmeg, cinnamon clove and green
coffee powders was used an NCT-SPNDL-01/AC-50-74 SPDE Needle 74 mm, 50 pm PDMS/AC
coated fiber (BGB Analytik, Germany). Each sample was placed in a 20 mL volume screw- cap vial
equipped with PTFE/silicone septa. For the solid phase dynamic extraction (SPDE), those vials were
placed in the chamber of an autosampler at incubation temperature of 45 °C. The syringe temperature
was 35 °C. The pre-incubation time was 3 minutes, and the condition time was 5 minutes. Between
the analysis of each sample, there was 1 minute delay, to avoid any contamination [1].

2.4. Conditions of Analysis and Instrumentation

The samples of green coffee, clove, cinnamon, cinnamon clove, and nutmeg fine powders were
subjected to analysis using a Thermos Scientific gas chromatograph (TRACE GC Ultra) connected to
an DSQ II mass spectrometer. An Agilent DB-624 Ul capillary column was used for the isolation of
volatile compounds. The capillary column had the following characteristics: 20 m length x i.d 0.18
mm, x 1 um film thickness. The temperature program within the oven was as takes after: 40 °C for 5
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minutes, expanded to 90 °C at a rate of 15 °C/min (0 min hold), and at last expanded to 220 °C at a
rate of 30 °C/min (3 min hold).The temperature in the oven was 250 °C and the ion source temperature
was 200 °C. Mass spectra were recorded in the electron impact mode at the ionization voltage of 70
eV. The mass range of the identified compounds was 45-260 (m/z) and the analysis was carried out
at the positive mode [1]. Helium served as the carrier gas. Each sample was run in duplicate (n = 2).

2.5. Volatile Compounds Verification

The volatile compounds in the analyzed samples were verified using the mass spectral library
(NIST MS Search 2.0) packed in the GC-MS software. For the percentage estimation of the volatile
compounds area, the spectral areas of each individual compounds were considered, divided by the
total area of the verified volatile compounds:

%Volatile compounds = (Area of the verified compound) / (Total area) x 100 (Eq. 1)

2.6. Statistical Analysis

The average values of the area percent of the verified volatile compounds were treated with
multivariate statistical analysis. The average values were compared using multivariate analysis of
variance (MANOVA) to indicate any statistically significant (p<0.05) differences in the volatile
compounds’ occurrence among the studied samples. The basic rule of MANOVA is to generate any
new dependent variables, considering the linear combination of all the dependent variables (i.e.,
volatile compounds) in the multivariate linear model, which could increase as much as possible the
differences in the average values, among the groups of the independent variables (i.e., green coffee,
clove, cinnamon, cinnamon and clove, and nutmeg fine powders). Normally, in MANOVA the basic
tests of the multivariate testing are computed (Wilks' Lambda and Pillai's Trace test statistics) to
indicate and record the main effects and interaction of the independent variables at the
multidimensional level [14]. Another important information that is shown during MANOVA is the
effectiveness of the sample size used in the analysis. The effectiveness of the sample size is monitored
by the observed power. Regarding power, this is the probability of rejecting the hypothesis that the
means are equal when these are in fact not equal. Many parameters in MANOVA affect the power: i)
sample size, ii) the magnitudes of the variances, iii) the level of significance (alpha level), and iv) the
actual difference among the population means in each group of objects. However, the concept of this
analysis is the high power. The high-power indicates that there is a high probability of rejecting the
null hypothesis when the null hypothesis is false [15].

LDA is a supervised statistical technique that aims to find a linear combination of the statistically
significant objects of interest (i.e., volatile compounds indicated during MANOVA, parameter X) that
separate two or more groups of objects (i.e., green coffee, clove, cinnamon, cinnamon and clove, and
nutmeg, parameter Y):

Y=mXi+aXz+......anXn (Eq.2),
where

a1, az .......... an are the discriminant function coefficients.

The suitability of the prediction ability of the LDA models was evaluated by the cross-validation
method during which each case is classified by the functions derived from all cases other than that
particular case [15]. Regarding the LDA analysis, the green coffee, and spices groups (studied
samples) were considered as the factor variable (grouping variable), while the data of the volatile
compounds as the independent variables. Data were further evaluated using partial least squares
(PLS) regression analysis, commonly known as projection to latent structure. The Variables
Importance in Projection (VIP) scores were calculated for each volatile compound (component) and
those having values greater than 1 were considered in the analysis as potential volatile indicators of
the studied matrices [16]. The statistical treatment of data was accomplished using the SPSS statistics
software (version 28.0, IBM Inc., 2021).
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3. Results

3.1. Volatile Compounds in Green Coffee and Selected Spices

The number of the identified volatile compounds using SPDE-GC/MS in green coffee, clove,
cinnamon, cinnamon and clove and nutmeg was 60. In our previous study [1] we classified the
identified compounds in those with higher and lower probability level according to NIST mass
spectral library and non- supervised statistical methods such as factor analysis showed the impact of
these compounds on the purity control of the studied samples (green coffee, cinnamon and clove,
and nutmeg). In addition, not any volatile compounds’ data were reported previously [1], until now,
for the individual samples of cinnamon and clove. Meta-data analysis on the collected results carried
out more recently, showed that 16 volatile compounds could be used for the classification of samples.
As it can be seen in Table 1 the volatile compounds belong to different classes such as alcohols, esters,
hydrocarbons, ketones, phenolic compounds, terpenoids, and vitamin derivatives. What is worth
noting is that the proportions of these volatile compounds are associated to the origin of the studied
samples given the significant (p<0.05) differences that were observed during MANOVA (Table 1). In
addition, significant (p<0.05) differences were also observed for the specific classes of the identified
compounds (Figure 1a-e).

Table 1. Volatile compounds in green coffee and selected spices.

Green
coffee Clove Cinnamon Cinnamon Nutmeg
Volatile (%Area + (%Area (%Area and clove (%Area Molecular Odor
RT  compounds SD) +SD) +SD) (%Area +SD) +SD) formula descripion
Alcohols
Light
0.83 = CH:O alcoholic
1.06 Methylalcohol 5.19+033 3.35+0.11 4.19+0.39 6.00 £ 0.04 0.20 [13]
9-Hexadecen-
532 1-ol 0.13 £0.06 ni 0.07 £ 0.01 0.05 £ 0.00 ni Cobt0 -
Esters
Sweet and
1.89  Methyl acetate ni 0.28 £0.02 ni 0.27 £0.06 ni Crebt=0 fruity [14]
0.05 + Sweet and
3.42  Ethyl acetate 5.73+0.00 0.20+0.02 ni 0.06 +0.01 0.04 GO fruity [15]
Sweet,
fruity,
CsHsOs rooty,
Methyl beer-like
12.66 salicylate ni 0.90+£0.13 ni 0.09 £0.02 ni [16]
Hydrocarbons
Fruity,
49.78 + 35.72 + 743 + CoHa pineapple,

0.68  Ethylene 0.02 27.96 +1.52 1.91 40.02 +0.39 0.70 pungent,
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5
varnish
(17]
Oil-like,
gasoline-
CeHas like,
3- 25.40 = asphalt-
245 Methylpentane 0.03 ni ni 0.13+0.03 ni like [29]
Sweet,
C7Hs pungent
8.13 Toluene 0.73+0.36 0.84+0.25 ni ni ni [19]
Oil-like,
gasoline-
C3HsCINO2 like,
2-Chloro- asphalt-
8.71 2nitropropane  0.71+0.02 0.37+0.06 0.27+0.05 0.06 +0.00 ni like [29]
Oil-like,
gasoline-
CioH22 like,
asphalt-
10.94 Decane 0.94+0.05 1.26+0.16 ni ni ni like [29]
Phenolics
4-(2-
aminopropyl)- CoHisNO
6.07  Phenol 0.02+0.00 0.01+0.01 ni 0.01 £0.01 ni -
Clove,
CroHnOn pungent
and spicy
13.77  Eugenol 1.19+0.09 17.5+0.38 ni 14.03 £ 0.15 ni [20]
Weak
2-Methoxy-4- rose-
(1-propenyl)- Coth carnation
15.22  phenol acetate ~ 0.69+0.18 ni ni 1.13+0.38 ni [21]
Ketones
Sweet,
CoHO earthy
and fishy
11.90 2-Nonanone ni 1.26 £ 0.86 ni 0.25+0.01 ni [22]
Aldehydes
Vitamin A 0.09 = 0.01+
14.14 aldehyde 0.006 2219+0.17 0.82+0.11 19.85+0.93 0.01 CoH=0 -
Terpenoids
4-Methyl-1-(1- 1.46 = Musty
C10H180

12.51 methylethyl) 3- ni ni 0.49+0.13 ni 0.41 [23]
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Figure 1. (a-e). Classes of volatile compounds (% average values) in a) green coffee, b) clove, c)

cinnamon, d) cinnamon and clove, and e) nutmeg fine powders.

Another critical point to discuss is that specific volatile compounds were not identified in all the
studied samples (Table 1), providing the feasibility for the typification of the individual samples
(green coffee, cinnamon, clove, cinnamon and clove, and nutmeg). A representative gas
chromatogram of green coffee samples is shown in Figure 2.
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Figure 2. A representative gas chromatogram of green coffee powder indicating some key volatile

compounds. 1: Ethylene. 2: Methyl alcohol. 3: 3-Methylpentane. 4: Ethyl acetate. 5: 9-Hexadecen-1-ol.

6: Toluene.

3.2. Typification of green coffee and selected spices using volatile compounds and supervised learning

3.2.1. MANOVA
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The multivariate hypothesis testing, considering the Pillai's Trace = 3.965 (F-value=50.566, df=36,
p = 0.000), and Wilks' Lambda = 0.000 (F-value=241753.506, df=36, p = 0.000) indices, both having an
observed power of 1.000, showed that there was a significant impact of the studied matrices (green
coffee, clove, cinnamon, cinnamon and clove and nutmeg) on their volatile composition. The
multivariate effect of the analyzed samples on the volatile compounds is shown by the F-value tests.
These tests are based on the linearly independent pairwise comparisons among the estimated
marginal means. Among the 16 identified volatile compounds, all showed significant differences (p
< 0.05) in their composition according to the studied matrices.

3.2.2.LDA

Prior the final LDA, pre-processing of data showed that 9 volatile compounds did not pass the
tolerance test and were not used in the LDA model (Table 1). Therefore, LDA analysis was conducted
using 7 volatile compounds, namely ethylene, methyl alcohol, 3-methylpentane, ethyl acetate, 9-
hexadecen-1-ol, toluene, and methyl acetate. Both prior probabilities i) all groups are equal, and ii)
compute from group sizes were evaluated indicating the same classification results. Therefore, we
proceeded to the final step of LDA.

Four discriminant functions were formed that had the following metrics: i) Wilks' Lambda =
0.000 (X2=259.073, df=28, p=0.000) for the first function, ii) Wilks' Lambda = 0.000 (X?=119.618, df=18,
p=0.000) for the second function, iii) Wilks' Lambda = 0.001 (X?=58.699, df=10, p=0.000) for the third
function, and iv) Wilks' Lambda=0.053 (X2=23.535, df=4, p = 0.000) for the fourth function. The total
variance explained by the four discriminant functions was 100%.

Another critical point to discuss is the eigenvalues the discriminant functions that must have
during LDA. The eigenvalue of the discriminant function is an essential parameter, since it provides
information on how well the function differentiates the initial groups (i.e., green coffee, clove,
cinnamon, cinnamon and clove, and nutmeg). Therefore, the higher the eigenvalue in LDA, the
higher the classification rate. In our case the respective eigenvalues were 37202734.888, 2027.145,
80.080, and 17.952 for discriminant function 1, discriminant function 2, discriminant function 3, and
discriminant function 4.

At the same time, the analyst must evaluate the group centroid values during LDA. The group
centroid values are mandatory informative data that show the classification ability of the LDA model.
The group centroid values indicate the unstandardized canonical discriminant functions at the mean
values of the groups of objects subjected to analysis. The centroid values physically show the
coordinates in the multidimensional level. In this context, the abscissa is the first discriminant
function and the ordinate is the second discriminant function [15]. The group centroid values were:
(9960.019, 0.226), (-2488.112, -3.677), (-2557.181, 29.060), (-2457.509, 39.974), and (-2457.218, -65.583)
for green coffee, clove, cinnamon, cinnamon and clove, and nutmeg, respectively (Figure 3). The total
classification rate was 100% for the original and 100% for the cross-validation method.

d0i:10.20944/preprints202404.0871.v1
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Figure 3. Classification of green coffee and selected spices using 7 volatile compounds and LDA.

The volatile compounds that mostly contributed to the discrimination of green coffee, clove,
cinnamon, cinnamon and clove, and nutmeg fine powders, were those pooled with the highest
absolute correlation value within the discriminant functions (Table 4). These were 3-methylpentane
for discriminant function 1, ethylene for discriminant function 2, methyl acetate for discriminant
function 3, and ethyl acetate for discriminant function 4. Therefore, these volatile compounds are
most strongly correlated to the purpose of the study.

Table 2. Correlation of volatile compounds to the structure matrix of the discriminant functions in

LDA.
Volatile scriminant functions
compounds 1 2 3 4
Ethylene 0.002 0.265 -0.077 0.073
Methyl acetate 0.000 0.054 -0.578" -0.028
9-Hexadecen-1-ol 0.002 0.161 0.570 -0.358
3-Methylpentane 0.128* 0.100 0.274 0.187
Ethyl acetate 0.023 -0.003 -0.321 0.602
Methyl alcohol 0.001 0.177 -0.146 -0.384"
Toluene 0.000 -0.002 -0.160 0.339"

Pooled within-groups correlations between discriminating variables and standardized canonical discriminant
functions. Variables are ordered by absolute size of correlation within function. *. Largest absolute correlation
between each variable and any discriminant function.

The Fisher’s linear discriminant functions obtained through LDA are as follows:

Green coffee = -76828510.393 -25925.195[Ethylene]-87239.835[Methyl alcohol]
+6152734.034[3-Methylpentane]-41884.736[ Ethyl acetate]-393365.598[ Toluene]-3104593.774[9-Hexadecen-1-
01]+2538901.897[Methyl acetate] (Eq.3.)
Clove=-4794.670+274.110[Ethylene]+622.728[Methyl alcohol]-27047.271[3-Methylpentane]+3163.913
[Ethyl acetate]+2140.377[Toluene]+46354.631[9-Hexadecen-1-o0l ]-9259.880[Methyl acetate]
(Eq4)
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Cinnamon=-13856.420+482.030[Ethylene]+1164.866[Methyl alcohol]-61616.074[3-Methylpentane]
+4036.593[Ethyl acetate]+4601.945[Toluene]+84219.025[9-Hexadecen-1-0l]-23429.457[Methyl acetate]

(Eq.5)
Cinnamon and clove=-7997.418+291.364[Ethylene]+550.046[Methyl alcohol]-12184.637
[3-Methylpentane]+3816.842[Ethyl acetate]+1413.124[Toluene]+59269.392[9-Hexadecen-1-01]-2259.834[Methyl
acetate] (Eq.6)
Nutmeg=-421.755+83.780[Ethylene]+211.978[Methyl alcohol]-10998.205
[3-Methylpentane]+837.301[Ethyl acetate]+793.658[ Toluene]+13050.793[9-Hexadecen-1-01]-4194.067[Methyl
acetate] (Eq.7)

3.2.3.PLS

The results of PLS regression analysis showed that among five latent factors (for the different
samples studied) the best results were obtained for latent factors 4 and 5. The cumulative X variance
explained was 0.996 resulting in a cumulative Y variance of R?=0.915 and adjusted R?=0.881 for latent
factor 4. Similarly, cumulative X variance explained was 0.999 resulting in a cumulative Y variance
of R>=0.952 and adjusted R?>= 0.925 for latent factor 5. In this context, the variance importance in
projection (VIP) scores >1 obtained for the independent variables (i.e., volatile compounds) were VIP
= 1.333 (latent factor 4) and 1.309 (latent factor 5) for toluene, and VIP = 1.230 (latent factor 4) and
1.211 (latent factor 5) for methyl acetate.

4. Discussion

Concerning the analysis of volatile compounds in coffee, most of the recent studies in the
literature deal with roasted and brewed coffee [17]. What is remarkable, is that the volatile
compounds identified in thermally processed coffee is almost 1000, indicating the complexity of its
composition. Indeed, during thermal processing of coffee beans there is a considerable number of
reactions that occur including thermal degradation, pyrolysis, Maillard reaction, Strecker
degradation, oxidative degradation, direct degradation, interaction with reduced sugars, other
degradation, autooxidation, preservation and condensation [18]. As a result, there are numerous
classes of volatile compounds including pyridines, pyrroles, organosulfur compounds, oxazoles,
pyrazines, aldehydes, thiazoles, furans, carboxylic acids, ketones, alcohols, esters, carotenoids,
phenols, and unsaturated lactones [18]. Headspace analysis in combination with gas chromatography
mass spectrometry is the most widely used technique for the analysis of volatile compounds in coffee
and other foodstuffs [17,19]. Dynamic headspace extraction has been characterized by high sensitivity,
and thus, in the analysis of complex matrices like coffee can provide greater flexibility and compound
coverage [20].

Among the volatile compounds of interest, green coffee samples showed the highest proportions
in ethyl acetate, ethylene, 3-methylpentane, and 2-chloro-2 nitropropane compared to clove,
cinnamon, cinnamon and clove, and nutmeg samples. Regarding clove samples the highest
proportions were observed in decane, eugenol, 2-nonanone, and retinal (Vitamin A aldehyde). Clove
samples had the highest proportions in methyl acetate. For cinnamon and clove samples the highest
proportions were observed in methyl alcohol. What is remarkable is that the mixture of cinnamon
and clove had different proportions in the respective volatile compounds compared to the individual
samples. This finding indicates the transformation, regeneration and compositional differentiation of
volatile compounds during the mixing of certain spices. A finding that can be solely considered in
authenticity and quality control studies. Finally, nutmeg samples had the highest proportions in
terpinen-4-ol [4-methyl-1-(1-methylethyl)-3-cyclohexen-1-ol]. Most of these volatile compounds have
a special aroma note (Table 1).

Previous studies in the literature concerning the authentication or adulteration control of coffee
have reported high classification (88%-100%) results based on DNA or 'H NMR data
(triacylglycerides, diterpenes, acetic acid, formic acid, caffeine, trigonelline, N-methylpyridine,
furfuryl alcohol, 5-hydroxymethylfurfural, hydroxycinnamic acids, furans, esters, N-heterocyclic and
sulfur compounds) in combination with supervised (PLS and LDA) statistical techniques [21-23] in
agreement with the results of the present study that showed a clear separation of coffee samples from
the selected spices. In addition, unsupervised statistical techniques such as principal component
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analysis (PCA) have also provided high explained variance (>90%) in coffee samples roasted in
different degrees based on volatile compounds [24].

Regarding spices previous studies in the literature showed that was able the geographical origin
differentiation of samples from different regions based on volatile compounds (aldehydes, phenolics,
terpenoids, etc.) in combination with bioactivity parameters and LDA. The classification rate was >95%
[19]. Karabagias and Badeka [25] using volatile compounds (aldehydes, terpenoids/terpene ketones,
hydrocarbons, esters, and furans) in combination with physicochemical parameters and by
implementation of LDA reported a perfect classification (100%) of beverages such as herbal teas (anti-
stress, mountain, sage, and chamomile).

Similarly, Pages-Rebull et al. [26] developed statistical models for the characterization,
identification and authentication of cinnamon, oregano, thyme, sesame, bay leaf, clove, cumin, and
vanilla samples based on sesamol, eugenol, thymol, carvacrol, salicylaldehyde and vanillin along
with multivariate statistics such as PCA, PLS-DA, and soft independent modelling of class analogy
(SIMCA). PLS-DA classified samples with a high prediction rate (>99%) in agreement with present
results.

More recently, de Matos et al. [27] classified commercial samples of Brazilian Equisetum tea using
phenolic compounds (glycoside derivatives of kaempferol, derivatives of stirilpirone, derivatives of
chrysin, glycosides of quercetin, cinnamic acids, etc.) and chemometrics such as PCA, hierarchical
cluster analysis (HCA) and PLS-DA. The supervised learning technique (PLS-DA) provided the most
robust classification of samples.

Finally, it is quite evident from the literature that metrics data of foods (foodometrics) [12] along
with the most recent advances/trends in the analytical methodologies can comprise a decisive tool
for the authentication and quality/adulteration control of beverages, herbs and spices [25-28].

5. Conclusions and Future Directions

Results of the present study showed that the volatile fingerprint of green coffee and selected
spices such as clove, cinnamon, cinnamon and clove and nutmeg is characteristic and the volatile
compounds data could be further used for the development of a machine learning algorithm based
on supervised statistical learning such as linear discriminant analysis and partial least squares
regression. Both prior probabilities during LDA, such as considering the groups equal or compare
the group sizes gave the same results, indicating that the LDA model presented herein combined
with PLS could be further exploited in authenticity and adulteration control of beverages, spices or
herbs in rapid analysis tests, considering specific volatile compounds. To our knowledge, limited
data is available with this hypothesis this constituting the novelty of the current study, and at the
same time support to the relevant literature. Future directions may comprise the purchase of standard
compounds concerning the key volatile compounds that contributed to the absolute classification of
samples providing at the same time quantitative statistical models and the use of a larger number of
samples from different countries.
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