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Introduction

The research on coffee extractives is a pertinent subject 
that covers the progressive processing stages (raw, roasted, 
brewed, and spent) of this raw material [2, 22, 23, 26] and 
involves challenges such as the quality control of samples 
[4, 12, 14, 24] and valorization of residues [3, 6, 10].

One of the most influencing stages of coffee process-
ing comprises the roasting of raw beans. While decisive, 
roasting is a highly complex process in which the coffee is 
exposed to temperatures up to 300 °C plus variable condi-
tions of time, heating rate, etc. During this process, a series 
of physical and chemical modifications take place, leading 
to the formation of an amalgam of volatile compounds that 
are known to determine in great extent the final flavor of 
coffee drinks.

The reactions most responsible for the alterations suf-
fered by coffee during roasting are Maillard, Strecker, 
hydrolysis, and pyrolysis reactions. The Maillard reaction 
occurs between a reducing sugar and an amino acid or a 
protein [29]. It has low activation energy and is thermody-
namically favored under roasting conditions. In addition 
to the temperature and to the presence of reducing sug-
ars, other variables that influence the reaction include pH, 
moisture, and the presence of certain metals [29]. While 
it is known that many volatile products are prone to arise 
from the Maillard reaction, such as pyridines, pyrazines, 
furans, and pyrroles, there is still a lack of elucidation on 
the governing mechanisms. Nevertheless, some of the car-
bonyl derivative products obtained from the Maillard reac-
tion can also react with free amino acids, resulting in their 
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degradation to aldehydes, ammonia, and carbon dioxide. 
This is known as the Strecker degradation [5, 21].

Various roasting procedures for raw coffee are known, 
for instance “high temperature and short time” (HTST) 
and “low temperature and long time” (LTLT) [1, 8, 15]. 
The final degree of roast can be monitored by measuring 
reflectance, visual inspection of color, or even by the loss 
of mass. According to the colorimetric system of the Spe-
cialty Coffee Association of America, known as “AGTRON 
Roasting Classification,” the degree of roast can be sys-
tematized in eight categories, as follows: Very Light, Light 
(American Roast), Moderately Light, Light Medium, 
Medium, Moderately Dark, Dark, and Very Dark (French 
Roast).

The influence of roasting on the volatiles composition 
and on the final quality of the coffee has been investigated 
and reported in various works [9, 15, 16, 18, 20, 23, 25]. 
Accordingly, several classes of compounds have been asso-
ciated with different roasting degrees, being examples of it 
the 2,3-pentanedione, 2,5-dimethylpyrazine, 2-ethylpyra-
zine, 2,3-dimethylpyrazine, 3-ethyl-2,5-dimethylpyrazine, 
2-methylbutanal, 2-ethylguaiacol, and 4-vinylguaiacol. In 
addition, it was found that a Light Roast (also known as 
American Roast due to the wide use in the USA) leads to 
volatile compounds with strong impacts on the aroma, such 
as furfural (sweet almond notes) and 2-methylbutanal (but-
tery notes) [9, 15, 18]. Furthermore, the most volatile com-
pounds (e.g., volatile acids and furans) become less impor-
tant as the coffee roast evolves from Light to Medium, 
probably due to losses as the roast temperature is increased 
or after exposure to high temperatures for longer periods. 
At the same time, increments in less volatile compounds, 
such as pyrazines and pyridine, are observed [15, 23]. 
Moreover, Toci et al. [25] investigated recently the effect 
of the roasting rate on three C. arabica mixtures. Seven 
chemical compounds exhibited a correlation with the stud-
ied roasting rates, namely 2,5-dimethylpyrazine, 2-ethyl-
pyrazine, 2,3-dimethylpyrazine, 2,5-dimethyl-3-ethylpyra-
zine, guaiacol, 2-ethylguaiacol, and 4-vinylguaiacol. Using 
a semi-fluidized bed roaster, which allows a better control 
of temperature and time parameters, the roasting rate was 
showed to affect pyrazines, furans, pyrroles, and phenolics 
chemical classes, through an increase in their content, spe-
cially on molecules like 2,5-dimethylpyrazine, 2-ethylpyra-
zine, guaiacol, and 4-ethylguaiacol.

Considering that the cup tests currently used to classify 
coffee beverages may be inherently subjective, comple-
mentary methods of assessment are sought by researchers. 
While at laboratory scale a control of mass loss is usually 
possible, neither color-based nor weight loss procedures 
have proven to be effective in practice [9, 27].

This work focuses on the application of the multivari-
ate statistical technique known as discriminant analysis to 
the volatiles composition of coffee samples submitted to 
different roasting degrees. The goal is to identify chemi-
cal markers capable of labeling their roasting category and 
combine them in a global model for subsequent food control 
applications.

The article is structured as follows: “Modeling” section 
is devoted to modeling; “Materials and methods” section 
comprises the database information, namely “Coffee sam-
ples” and “Chemical characterization” sections; results and 
discussion are presented in “Results and discussion” sec-
tion, in the following sequence: “Preliminary normaliza-
tion of results” and “Discrimination of samples according 
to roasting degrees”; and finally, the main conclusions are 
drawn in “Conclusions” section.

Modeling

Once this work aims to identify compositional parameters 
prone to be used as predictors of roasting degrees, discri-
minant analysis (DA) was chosen for screening appropri-
ate chemical markers (coffee volatiles) from a database 
encompassing chromatographic characterization data.

Briefly, DA belongs to the class of multivariate statis-
tics and is able to reduce data redundancy [13] through 
the fitting of first-degree polynomial functions that sort the 
distribution of each data point within a desired grouping 
(classes). Examples of research studies on coffee samples 
that have employed DA technique were published by Pow-
ers and Keith [19], Murota [17],  Maeztu et al. [11], and de 
Toledo et al. [7].

From a mathematical point of view, DA procedure is 
such that key independent variables are chosen as predic-
tors and combined linearly to ensure a maximized capacity 
of prediction of class memberships, as follows:

where Y is the discriminant function, β0,β1, . . . ,βn are the 
linear discriminant coefficients, and V1,V2, . . . ,Vn are the 
corresponding abundance ratios (i.e., normalized concen-
trations) of the volatiles. The DA statistical modeling was 
performed using the software SPSSv.23 and MATLAB 
v.7.8.0. For this, a data set comprising chromatograms 
of 21 coffee samples submitted to four distinct roasting 
degrees was employed, which implied extracting informa-
tion from two publications (see Table 1).

Beforehand the fitting of the DA model, a preliminary 
study regarding the pretreatment of data was accomplished to 
enable the utilization of chromatographic data from different 

(1)Y = β0 + β1V1 + β2V2 + β3V3 + · · · + βnVn
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articles. Hence, the normalization of the individual peaks 
using several compounds appearing in the chromatograms was 
tested with the objective to disclose the molecule that could 
lead to the best discrimination results and functions. In this 
effort, the following molecules were evaluated: 2-hydroxy-
3-methyl-2-cyclopenten-1-one, 2-methylpirrole, 2,5-dimeth-
ylpyrazine, 2-ethylpyrazine, 2- methylpyrazine, and pyridine.

 The fitting of the DA model was achieved with and 
without cross-validation, with the latter taking place by 
rotating coffee samples between the training and validation 
subsets, to check the reliability and dependence of the DA 
model on the training dataset. Afterward, the main function 
of the DA model was tested against the chance of overfit-
ting and also regarding its classification performance. For 
this, a permutation test was also accomplished [28], where 
the original data were permuted 10000 times, and classifi-
cation errors were assessed in terms of both the number of 
misclassification (NoM) and the individual prediction error 
(Q2) defined by:

where yi is the discriminant function score of the sample 
i, ŷi is the predicted value of class membership for sample 
i, and y is the mean value of all samples. In summary, the 

(2)Q2
= 1−

∑
i

(
yi − ŷi

)2
∑

i (yi − y)2

closer the value of Q2 is from 1, the better the class predic-
tion will be in relation to the class label expectations.

Materials and methods

Coffee samples

The six C. arabica samples that were picked to build the 
roasted coffee database are presented in Table 1. These 
belong to countries like Ethiopia, Nicaragua, and Indonesia 
[15], and Ethiopia, Tanzania, and Guatemala [1].

The samples from Moon and Shibamoto [15] were 
roasted with a Gene Cafe coffee bean roaster (Fresh 
Beans Inc., Park City, UT) at 230 °C for 12 min (Light), at 
240 °C for 14 min (Medium), at 250 °C for 17 min (City, 
i.e., Dark), or at 250 °C for 21 min (French or Very Dark). 
After roasting, the coffee beans were ground with a Star-
bucks Barista coffee grinder (Seattle, WA). The remaining 
samples [1] were roasted to three roasting degrees: Light 
(L value 26), Medium (L value 23), and Dark (L value 18), 
using a Probat (Emmerich, Germany) G-12 roaster. The 
degree of roasting was represented as an L value, which 
was determined by measuring ground-roasted coffee (par-
ticle size < 500 µm) using a color meter ZE-2000 (Nippon 
Denshoku Industries Co. Ltd., Tokyo, Japan).

Table 1  Summary of C. 
Arabica samples database 
compiled for the discriminant 
analysis

Sample Origin Roasting 
degree

Analytical  
technique

No. of  
compounds

References

1 Ethiopia Light GC–MS 53 Moon and Shibamoto 
[15]

2 Medium

3 Dark

4 French

5 Nicaragua Light

6 Medium

7 Dark

8 French

9 Indonesia Light

10 Medium

11 Dark

12 French

13 Ethiopia Light HS-SPME/GC–MS 80 Akiyama et al. [1]

14 Medium

15 Dark

16 Tanzania Light

17 Medium

18 Dark

19 Guatemala Light

20 Medium

21 Dark



764 Eur Food Res Technol (2017) 243:761–768

1 3

For this DA study, the aforementioned roasted coffee 
samples were grouped in four classes (shown in Table 1): 
Light, Medium, Dark, and French (Very Dark) roasting 
degrees.

Chemical characterization

The volatiles of the coffee samples studied in this essay were 
obtained by two distinct ways: headspace (HS) solid-phase 
microextraction (SPME) in the case of the work of Akiy-
ama et al. [1], and Soxhlet extraction with dichloromethane 
according to Moon and Shibamoto [15]. Despite the differ-
ent techniques, in both cases the extracts were analyzed by 
gas chromatography—mass spectrometry (GC–MS).

Moon and Shibamoto [15] used an Agilent model 6890 
GC, equipped with a 60-m and 0.25-mm i.d. (film thickness 
of 0.5 μm) DB-Wax bonded-phase fused silica capillary 
column (Agilent, Folsom, CA), interfaced to an Agilent 
5971A mass selective detector (MS) used for mass spectral 
identification of the GC components at MS ionization volt-
age of 70 eV. In turn, the GC used by Akiyama et al. [1] 
was a Hewlett-Packard (HP) 5973 (Agilent Technologies, 
Palo Alto, Calif., USA) with a fused silica capillary column 
DB-Wax (60 m × 0.25 mm, 0.25 µm film thickness, Agi-
lent Technologies).

Results and discussion

Preliminary normalization of results

The first stage of our approach concerned treating the ana-
lytical data in order to guarantee a valid comparison basis 
between the results reported by different authors in differ-
ent studies. While it is known that the abundance of vola-
tiles is related to the roasting degree attained by the raw 
coffee samples, the strategy to ensure this comparison was 
to find the best compound to normalize the chromatograms.

The six candidates to reference compound (2-hydroxy-
3-methyl-2-cyclopenten-1-one, 2-methylpirrole, 2,5-dimeth-
ylpyrazine, 2-ethylpyrazine, 2-methylpyrazine, and pyridine) 

produced the results presented in Table 2, under the form 
of the following performance indicators: % of variance 
explained by the first two discriminant functions (Y1, Y2, and 
Y1 + Y2), and % of correct classification attained. The ideal 
compound would be one that allows the full explanation of 
the variance exhibited by data based on only one function, 
while ensuring also a 100 % correct classification.

In this context, 2-hydroxy-3-methyl-2-cyclopenten-
1-one and 2-methylpirrole are two compounds that clearly 
did not fulfill the expectations: from Table 2, the former led 
to two functions that are able to explain only 86.7 % of data 
variance, and both fail the correct classification criterion of 
the roasting class labels (76.2 and 85.7 %, respectively). On 
the other hand, the bottom four compounds of Table 2 (i.e., 
2,5-dimethylpyrazine, 2-ethylpyrazine, 2-methylpyrazine, 
and pyridine) enabled an explanation of more than 97 % of 
data variance with Y1 + Y2 and reached the maximum score 
in the correct classification (100 %). In fact, they only dif-
fer in the importance of the main discriminant function (Y1) 
to allow such variance explanation. Accordingly, pyridine 
is the reference compound that scored best in both tests: 
97.9 % in variance explanation through only Y1 and 100 % 
of correct classifications. When jointly considered, no other 
compound exhibited such a good performance. For this rea-
son, pyridine was chosen as the reference molecule for the 
discriminant analysis on roasting degrees.

Discrimination of samples according to roasting 
degrees

In order to explain 100 % of the variance of the coffee sam-
ples that were object of our statistical modeling, three dis-
criminant functions were found necessary (Y1 + Y2 + Y3). 
The resulting functions are provided in Table 3, where it 
can be noticed that two of them are able to cover up to 
99.4 % of the variance through a bidimensional assignment 
of the data. For this reason, the third function was con-
sidered negligible for the goal of the differentiation of the 
coffee samples. In fact, if only Y1 is used, the substantial 
97.4 % of the variance of the data is explained with a cor-
relation of experimental data of 0.995.

Table 2  Compound suitability 
results for usage as reference 
for database normalization

Reference compound under investigation % of variance explained by discri-
minant functions

Correct  
classification (%)

Y1 (%) Y2 (%) Y1 + Y2 (%)

2-Hydroxy-3-methyl-2-cyclopenten-1-one 59.8 26.9 86.7 76.2

2-Methylpirrole 91.5 6.0 97.5 85.7

2,5-Dimethylpyrazine 73.4 24.0 97.4 100

2-Ethylpyrazine 88.2 10.1 98.3 100

2-Methylpyrazine 93.4 5.2 98.6 100

Pyridine 97.9 1.5 99.4 100
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The fitted discriminant functions rely on a total of ten 
chemical compounds (see Table 4) from the full list of 53 
volatile organic compounds (VOCs) detected/identified 
via GC–MS by Moon and Shibamoto [15] and 80 VOCs 
detected/identified via HS-SPME/GC–MS by Akiyama 
et al. [1] (see Table 1). The respective coefficients are also 
provided for each function. It is worth noting that half of 
the model compounds belong to the pyrazines family, 
comprising a set of molecules known to grant sensorial 
notes related to roasted hazelnut and peanuts. Moreover, 
2-methylpirazyne and 2,3-dimethylpirazyne are highly 
linked to intense roasting such as Dark and French classes, 
while dihydro-2-methyl-3(2H)-furanone is more linked to 
light(er) roasting degree.

The graphical representation of the roasting discriminant 
functions is furnished in Fig. 1. For each roasting group, 
the data points are graphed in their individual coordinates 
connected by a line to the respective group centroid (filled 
marks). To emphasize the areas belonging to the different 
groups, colored circles were drawn around each roasting 
class. It becomes clear from this figure that the roasting 
classes are ranked by Y1 function in an inverse way to the 

respective roasting intensity: as Y1 increases, the French, 
Dark, Medium, and Light classes are sequentially reached. 
However, no clear hierarchy is found in Y2.

As noticeable in Fig. 1, Dark and French classes exhibit 
partial overlapping, with a possible misleading in the dis-
tinction of these two methods. While distinct in terms of 
processing, the DA results evidence that Dark and French 
Roasts are very close to each other from the perspective of 
chemical markers. On the other hand, the results also point 
out that Medium class is closer to Light class than to Dark 
class, which highlights the existence of a gap between Dark 
and Medium Roasts.

It is also worthwhile to stress that the dispersion of data 
points inside each roasting group may be due to two spe-
cific factors beyond the experimental errors: (1) the dif-
ferent geographic provenance of the samples (e.g., places 
like Indonesia or Nicaragua) and (2) the distinct roasting 
methods adopted, which can impart fluctuations on the pro-
files of volatiles compounds. Nevertheless, such intragroup 
dispersions are of small magnitude in comparison with the 
variations owed to changes in the roast degrees (between 
groups), which demonstrates the prevailing influence of the 
roasting stage on the values of the chemical markers.

With reference to the quality of the proposed DA model, 
an assessment of the classification performance is pro-
vided in Table 5, where non-cross-validated results are 
contrasted with predictions when cross-validation (CV) is 
accomplished using the training data. Without cross–vali-
dation, the attained model is able to predict correctly all the 
class labels of coffee samples, which is an important initial 
achievement. Even under cross-validation, the DA model 

Table 3  Performance of the discriminant functions and respective 
data variance explanation

The reference compound for chromatograms normalization is pyri-
dine

Function Variance  
explanation (%)

Cumulative variance 
explanation (%)

Canonical 
correlation

Y1 97.9 97.9 0.995

Y2 1.5 99.4 0.787

Y3 0.6 100.0 0.608

Table 4  Non-standardized coefficients (βi) of the two canonical dis-
criminant functions for the roasting degree of coffee samples

The reference compound for chromatograms normalization is pyri-
dine

Compounds (Vi) Y1 Y2

Constant −10.305 −4.664

Pyrazine 1.313 108.167

2-Methylpyrazine −16.195 2.492

2,5-Dimethylpyrazine 19.100 5.613

2-Ethylpyrazine 24.526 −24.077

2,3-Dimethylpyrazine −53.733 −37.723

Dihydro-2-methyl-3(2H)-furanone 33.981 −1.656

5-Methyl-2(5H)-furanone 1.900 1.287

Furfural −1.241 1.291

2,3-Dimethyl-2-cyclopenten-1-one 8.586 106.019

Acetic acid 1.586 1.708

Fig. 1  Discriminant scores and centroid values of the DA modeling 
of four coffee roasting degrees



766 Eur Food Res Technol (2017) 243:761–768

1 3

was able to predict correctly the samples with French 
Roast. Also for the Dark class, only one coffee sample out 
of six was wrongly assigned. In the case of Light Roast, the 
successful counts dropped to 50 %, with the worst results 
being obtained for the Medium class, whose correct clas-
sifications fell to 16.7 %. These results suggest that future 
database upgrades should privilege the addition of coffee 
samples from Medium and Light roasting degrees, though 
the potential of the DA approach was demonstrated, mainly 
if one takes into account also the next permutation tests 
analysis.

The evaluation of the statistical significance of the DA 
model was accomplished through the realization of a per-
mutation test to Y1, the main function of the model. The 
results of this assessment are plotted in Fig. 2, under the 

form of frequency histograms of the individual prediction 
error (Q2, Fig. 2a) and the number of misclassifications 
(NoM, Fig. 2b). Upon calculation of the 95 % confidence 
bounds for the permuted data-based models, the statistical 
significance of the original Y1 function was demonstrated. 
These threshold bounds are represented by vertical dashed 
lines on the right side of the histogram for Q2 (Fig. 2a) and 
on the left side for NoM response (Fig. 2b). The function 
Y1 led to scores that clearly surpass the threshold p values, 
i.e., higher Q2 prediction and lower NoM as it is desirable 
for a good discrimination performance. As a result, the 
permutation test allows one to conclude that the decisive 
function of the DA model (Y1) does not lead to good per-
formances at the expenses of pure chance and/or overfit-
ting problems.

Table 5  Overall classification performance (count and %) of the DA model, with and without cross-validation (CV)

The reference compound for the chromatograms normalization is pyridine

Original class Predicted class (DA model)

Light roast Medium roast Dark roast French roast

Without CV With CV Without CV With CV Without CV With CV Without CV With CV

Light 6 (100 %) 3 (50.0 %) 0 (0 %) 3 (50.0 %) 0 (0 %) 0 (0 %) 0 (0 %) 0 (0 %)

Medium 0 (0 %) 2 (33.3 %) 6 (100 %) 1 (16.7 %) 0 (0 %) 1 (16.7 %) 0 (0 %) 0 (0 %)

Dark 0 (0 %) 0 (0 %) 0 (0 %) 2 (33.3 %) 6 (100 %) 5 (83.3 %) 0 (0 %) 0 (0 %)

French 0 (0 %) 1 (16.7 %) 0 (0 %) 0 (0 %) 0 (0 %) 0 (0 %) 3 (100 %) 3 (100 %)

Fig. 2  Permutation test results of a total of 10,000 permutations of the original data: a individual prediction error (Q2) and b number of misclas-
sifications (NoM)
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In conclusion, this essay reveals that DA can be an effec-
tive method for differentiating the roasting of coffee sam-
ples, which demonstrates its usefulness as potential quality 
control tool for coffee.

Conclusions

In this work, 21 coffee samples with different roast-
ing degrees were studied by discriminant analysis (DA), 
through the modeling of chromatographic results obtained 
by HS-SPME-GC/MS and/or GC–MS. The goal was to 
attain a differentiation of these samples through discrimi-
nant chemical markers.

A previous normalization of the chromatograms was 
accomplished, where the peak area of pyridine is proposed 
as reference. Using three discriminant functions relying on 
only 10 chemical markers, it was possible to fully explain 
the variance of the experimental data. Half of these mark-
ers belong to the pyrazines family, which are known to 
grant sensorial notes related to roasted hazelnut and pea-
nuts. Moreover, the main function of the model (Y1), which 
explains 97.5 % of the data variance, establishes a direct 
relation with the corresponding roast degree; namely, the 
higher the global score of the function, the softer the roast 
degree.

The main function passed a permutation test aiming at 
a complementary statistical validation of the DA model, 
showing that it does not suffer from overfitting. Moreo-
ver, the proposed model was also cross-validated, being 
concluded that it is robust in the classification of Dark and 
French classes, but sensitive to coffee samples of Medium 
and Light Roast classes.

In the whole, the study demonstrates the usefulness of 
DA as a tool for the quality control of roasting treatment of 
coffee samples. In the future, the proposed DA tool can be 
extended with advantage to the differentiation of the eight 
roasting degrees of the AGTRON Roasting Classification, 
as soon as a large database is available.
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