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Abstract

Taking advantage of 138 observations (with missing values) in 10 variables, from four distinct geographic
origins of coffee (Hawaii, Brazil, Ethiopia and Kenya), several statistical methods were applied to analyse
the problem of the geographical differentiation of green coffee beans.
With this work, the O and N isotopic compositions of the caffeine molecule extracted from the green
coffee beans, δ18O and δ15Ncaf , and the strontium isotope ratio, 87Sr/86Sr, were identified as the
most promising variables in the geographical differentiation of green coffee beans. Moreover, δ34S was
identified as important in the differentiation between the Hawaii Island and the remaining islands of the
Hawaiian Archipelago.
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1 Introduction

The history of coffee can be traced back to the 9th-
century Ethiopia. From Ethiopia, the coffee plant
was introduced into the Arab World through Egypt
and Yemen. The coffee consumption was only in-
troduced in Europe in 1615 by Venetian merchants.
Nowadays coffee is the second most consumed
beverage in the world (after water), moreover it
is one of the main products of commercial value
(Delta Cafés, 2015).

Coffee is produced in more than 50 countries
around the world, particularly along the Equatorial
zone called The Bean Belt, where coffee trees
can find the ideal conditions to thrive (nca, 2015).
Those conditions depend on six environmental fac-
tors: temperature (associated with altitude), water
availability, sunshine intensity, wind, type of soil
and topography of the land (Rodrigues, 2011).

The biggest coffee producer of the world is
Brazil, followed by Vietnam and Colombia. There
are other regions in the world renowned for the
quality of their coffee. For example, the coffee
produced in Hawaii, namely the called Kona Coffee
from the Kona District, is one of the most expensive
of the world. The high-quality coffee produced in
East Africa countries, such as Ethiopia, Kenya and
Tanzania, is harvested in high altitude coffee farms.

Another coffee recognized for its extreme quality
is the Jamaica Blue Mountain Coffee from the
mountains of Jamaica (nca, 2015; Coffee Roasters
Direct, 2015).

As far as coffee consumption is concerned, ac-
cording to 2013 data from ICO (International Cof-
fee Organization), available in www.ico.org/new_

historical.asp, the largest consumer and coffee
importer is Europe, followed by United States of
America; Portugal ranks 16th place of the biggest
consumers of coffee per capita.

With the expansion of coffee capsules, coffee
consumption has increased significantly, for exam-
ple, in Portugal it increased from 4.2kg/per capita
in 2009 to 4.9kg/per capita in 2013.

Moreover, the distinctive characteristics of coffee
from different geographical origins lead to contrast-
ing coffee prices and qualities. Associated with
this factor and the growing enthusiasm among con-
sumers for high quality food with a clear regional
identity, coffee importing companies are interested
in developing analytical tools that could be ap-
plied to demonstrate that the imported coffee had
not been adulterated along the commercial chain
(Kelly et al., 2005; Rodrigues et al., 2013).

Therefore the main goal of this work is to find
a classifier of green coffee beans according to the
geographical origin.
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One of the most promising tools for geographical
differentiation of food products is the determination
of the isotopic composition of different chemical
elements. The isotopic composition of plant and
animal tissues represents a temporal integration of
significant physiological and ecological processes
on the landscape and many of such processes
produce a distinctive isotopic fingerprint, becoming
possible to differentiate the geographical origin of
the plant or animal tissue (Rodrigues, 2011).

The research on geographical differentiation of
green coffee bean is rather recent, in particular
using isotopic composition analysis of the green
bean. Worthy of mention: the research on the
differentiation in macro-regions (at the continental
level) (Liu et al., 2013; Santato et al., 2012; Ro-
drigues et al., 2011b; Serra et al., 2005; Weckerle
et al., 2002), and in micro-regions, as Hawaiian
regions (McLeod et al., 2013; Rodrigues et al.,
2011a).

The oxygen isotopic composition has been
shown to be one of the most promising variable
for the geographical differentiation of green cof-
fee beans (Santato et al., 2012; Rodrigues et al.,
2011a; Rodrigues et al., 2011b; Weckerle et al.,
2002). In addition, the isotopic compositions of
boron, nitrogen, carbon and hydrogen, and the iso-
topic ratio of strontium, have been also pointed out
as promising variables (Liu et al., 2013; McLeod
et al., 2013; Santato et al., 2012; Rodrigues et al.,
2011a; Rodrigues et al., 2011b; Serra et al., 2005;
Weckerle et al., 2002).

The first study with isotopic composition of caf-
feine extracted from green coffee beans was car-
ried out by Weckerle et al. (2002), who used 45
samples of green coffee beans to perform lin-
ear discriminant analysis and to devise decision
trees. A more recent study was conducted by
Rodrigues et al. (2011a) and involves 47 samples
from Hawaii.

One of the limitations of these studies is the
small number of samples, hindering the statistical
analysis. This limitation results from the high costs
and resources inherent to collect further samples.

The present paper is based on work by Ro-
drigues et al. (2011a), Rodrigues et al. (2011b),
and Rodrigues et al. (2009). These studies differ
from the existing literature because of the fairly
large number of samples: 68 from 20 geographical
origins, in Rodrigues et al. (2011b) and Rodrigues
et al. (2009); 47 samples from the coffee producing
regions of Hawaii, in Rodrigues et al. (2011a).

2 Sample and methods
2.1 Samples

To study the problem of differentiation of green
coffee beans according to the geographical origin,
a data set was provided with the indication of the
geographical origin of each sample (Rodrigues et
al., 2013; Rodrigues et al., 2011a; Rodrigues et al.,
2011b; Rodrigues et al., 2009).

This data set refers to 138 samples of Arabica
(Coffee arabica) type of coffee from the producing
regions of Hawaii, Brazil, Ethiopia and Kenya, and
comprises values in 10 explanatory variables. Ad-
ditional information on the localization (e.g. alti-
tude, latitude, and longitude) and the harvest year
of the coffee is also provided. These 10 vari-
ables refer to: the carbon isotopic composition of
the green coffee bean, δ13C, and of the caffeine
molecule extracted from the green coffee bean,
δ13Ccaf ; the nitrogen isotopic composition of the
green bean, δ15N , and of the caffeine, δ15Ncaf ;
the oxygen isotopic composition of the green bean,
δ18O, and of the caffeine, δ18Ocaf ; the sulfur iso-
topic composition of the green bean, δ34S; the
strontium isotopic ratio, 87Sr/86Sr; and the carbon
and the nitrogen percentages, %C and %N . Apart
from these variables, the data set further com-
prises the oxygen isotopic composition of precipi-
tation, acquired from the Online Isotopes in Precip-
itation Calculator (Bowen and Revenaugh, 2003).

The various statistical methods applied to the
data set were made using the capabilities of the
R software (R Core Team, 2015).

2.2 Statistical analysis

In order to find patterns between the data and vari-
ables and to identify the most relevant variables in
the problem of geographical differentiation of green
coffee beans, we perform several statistical anal-
yses. For instance, we use descriptive analysis,
principal component analysis, and outlier detection
to the data set.

Cluster analysis is performed to find relation-
ships and similarities between groups of obser-
vations that can be relevant to the problem, and
to confirm that the data are naturally organized
according to the geographical origin.

Lastly, we test several classifiers so as to devise
a classification rule able to assign a new sample
of coffee to its proper geographical solely based in
certain characteristics. The classification rule we
select is based on logistic regression.
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Table 1: Variables in each analysed subset.
C% N% δ13C δ18O δ15N δ34S δ13Ccaf δ18Ocaf δ15Ncaf

87Sr/86Sr
set1 × × × × × × × × × ×
set2 × × ×
set3 × × × ×
set4 × × × × ×

Data pre-processing

Measuring isotopic compositions values involves in
general analytical and chemical processes that are
complex, time consuming and costly. This is the
reason behind the high number of missing values
in the data set, only 76 out of 138 observations
have not any missing value. The approaches used
to deal with this problem are the complete and
the available case analysis. Thus, several subsets
with distinct variables and number of observations
without missing values were considered.

Table 1 contains those subsets and Table 2 the
absolute frequencies of complete observations in
each formed and most relevant subset. It is ap-
parent from Table 2 that: most of the observations
of the data set refer to Brazil and Hawaii; the pro-
duction region with less missing values is Hawaii;
the number of observations from Ethiopia without
missing values is very low (one observation).

Table 2: Number of observations without missing values in each
subset. The total number of observations in the data set (Total)
is in the last column.

set1 set2 set3 set4 Total
Brazil 19 42 20 20 57

Ethiopia 1 12 1 1 15
Hawaii 46 52 47 46 52
Kenya 10 13 10 10 14

Total 76 119 78 77 138

Descriptive analysis

We analyse several descriptive measures of loca-
tion and scale, such as the mean, median, and
variance of each variable. The sample correlations
between variables are also analysed; a classic and
a robust estimate of the correlation matrix were
obtained. For the robust estimate is used the
Minimum Covariance Determinant estimator (Fast
MCD algorithm, Maronna et al., 2006).

Principal Component Analysis

Let us remind the reader that principal component
analysis, PCA, uses an orthogonal transformation
to convert a set of observations of possibly corre-
lated variables into a set of values of linearly un-
correlated variables called principal components.
This transformation is defined in such a way that

the first principal component accounts for as much
of the variability in the data as possible, and each
succeeding component in turn has the highest vari-
ance possible under the constraint that it is orthog-
onal to the preceding components.

The PCA is frequently used as a method of
data reduction, particularly useful when the first
principal components explain most of the observed
variability.

The PCA is performed using both classic estima-
tors and robust estimators. In the robust case, the
Projection Pursuit method is carried out, using the
function PCAproj of pcaPP package from R (algo-
rithm of Croux and Ruiz-Gazen, 2005).

In order to have zero mean and unit variance,
the sample principal components are estimated
using the standardized variables. For interpretation
purposes, loadings with absolute value larger than
0.25 are selected. This selection was validated by
computing the sample correlation between pairs
associated with the principal component under
study and the one that would be obtained if the
loadings whose absolute value is smaller than or
equal to 0.25 were set to 0, the so called truncated
principal component (CPtr).

Outlier detection

This technique allows us to find observations that
can affect the results obtained using classic statis-
tical methods. However, outlier detection occasion-
ally leads to the identification of observations of
interest for the investigator (Filzmoser et al., 2008).

The outlier detection we perform is based on
the robust Mahalanobis distance, computed from
the scores of the robust PCA using the Projection
Pursuit method (Pascoal, 2014). The covariance
matrix estimator used to standardize the variables
and to estimate the Mahalanobis distance is the
MCD estimator.

The distances used to classify an observation as
outlier or regular are the score and the orthogonal
distances.

The score distance corresponds to the Maha-
lanobis distance in the PCA approximation sub-
space and it is associated with a threshold based
on the quantile of order ps of the chi-squared dis-
tribution with k degrees of freedom, where k is the

3



number of retained principal components (Pascoal
et al., 2012).

The orthogonal distance is the distance of an
observation to its projection in the PCA subspace.
The threshold used for this distance resorts to: the
loadings of the principal components, to compute
the scores, the location and scale estimates of the
orthogonal distances; and the quantile of order po
of the standard normal distribution (Pascoal et al.,
2012). These estimates are obtained by robust
estimators, median and MAD (Median Absolute
Deviation, Mosteller and Tukey, 1977); to consider
the quantile orders ps = 0.999 and po = 0.975, we
had to adapt the version of the algorithms of the
package rrcov from R by Armstrong (2013).

A given observation is classified as outlier if its
score or orthogonal distance exceeds the respec-
tive threshold.

The estimates of the distances are obtained us-
ing the leave-one-out cross-validation approach,
that is, to classify the i-th observation this observa-
tion is removed from the sample and the principal
components, the score distances and the orthog-
onal distances and its threshold are estimated.
Thus, the classification of observations as regular
or outlier is done individually. Suffice to say that
we have to repeat this process for each observa-
tion. This approach assure us that the threshold is
not biased by the presence of the observation to
classify.

Cluster Analysis

Cluster analysis groups data objects or variables
based on information found in the data that de-
scribes the objects or variables and their relation-
ships. The goal is that the objects or variables
within a group be similar to one another and differ-
ent from the objects in other groups. These groups
are constructed based on similarity or dissimilar-
ity measures between the objects or variables.
Thereby, the greater the similarity (or homogene-
ity) within a group and the greater the difference
between groups, the better or more distinct the
clustering (Tan et al., 2005).

Cluster analysis was performed using several
dissimilarity measures, clustering methods, and
subsets, in order to find the most suitable cluster
for the problem. We favor a cluster obtained from
the scores of the first four principal components we
considered in the classic principal component anal-
ysis applied to the set1, involving 76 standardized
observations without missing values. The cluster-

ing method used is the Ward method, obtained by
the hclust function of the stats package from R

and the Minkowski distance (with r = 3). The
agglomerative coefficient of the selected cluster is
0.97, the number of groups is four, leading to a
coefficient of multiple correlation R2 = 0.57 and
mean average silhouette width of 0.32.

Classification

The purpose of the classification of green coffee
beans is to identify — with high precision and ac-
curacy — to which of a set of geographical origins a
new observation belongs, on the basis of a training
set of data containing observations whose origin is
known.

We studied the following classification methods:
decision trees (Quinlan, 1992), namely the C5.0
algorithm (RuleQuest Research, 2013); k-nearest
neighbours (kNN) (Tan et al., 2005); discriminant
analysis (Johnson and Wichern, 2007); and logistic
regression (Johnson and Wichern, 2007). Gener-
alizations of the logistic regression were also ap-
plied, considering the optimization of an objective
function that also incorporates a regularization pa-
rameter, λ. This additional parameter is supposed
to penalise solutions with high coefficients associ-
ated with all the explanatory variables and valorize
solutions with a few variables with high coefficients
and the majority of them with small coefficients.
This strategy implicitly leads to a selection of the
most relevant variables to classify the objects. We
used two methods of this family: the SMLR, Sparse
Multinomial Logistic Regression; and the RMLR,
Ridge Multinomial Logistic Regression (Krishnapu-
ram et al., 2005; Lal et al., 2006). The software
package developed in Java by Bosko et al. (2007)
was used to construct the corresponding classi-
fiers.

The validation of the classification models was
made by the leave-one-out approach. The classi-
fiers performance are summarized based on mea-
sures per class (recall; precision, Prec; and false
positive rate, FPR) and global performance mea-
sures (mean of recall, Recall; mean of precision,
Prec; mean of false positive rate, FPR; and overall
accuracy, Accy). We also defined a global per-
formance measure summarizing these four perfor-
mance indicators that we termed distance to the
optimum,

Dist.Opt. =√
(Accy − 1)2 +

(
Prec− 1

)2
+
(
Recall− 1

)2
+ FPR

2
.

(1)
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Due to the reduced number of observations with-
out missing values from Ethiopia, the class asso-
ciated with this geographical origin was dropped
from the majority of the classifiers.

3 Results and discussion

Descriptive analysis

The analysis of some measures of location and
scale confirmed that the range of variation and
variance of the variables differ significantly. For
instance, δ18O and δ34S have large variances (35.4
and 22.7, respectively), whereas 87Sr/86Sr and
%N have small variances (1.8×10−5 and 0.052,
respectively). Despite the insignificant variance of
the strontium isotopic ratio, this variable has high
variability between the observations from Brazil,
where this ratio takes the largest observed values.

A marked difference between the ranges of iso-
topic compositions of oxygen (δ18Ocaf and δ18O)
is also worth mentioning. While in the oxygen
isotopic composition of the caffeine of the green
coffee bean ranges from -30.30‰ to -22.10‰,
in the green bean it takes values from 22.10‰
to 53‰. This is due to the fact that the oxygen
present in the caffeine molecule of the green coffee
bean reflects the isotopic composition of the water
available to the plant, because there is no fraction-
ation of isotopes during water uptake by the plant
(Rodrigues, 2011), whereas δ18O in the bean can
reflect different phenomena occurring therein.

In order to find possible relationships between
variables we obtained the sample correlations and
scatter plots.

The presence of outliers in the data set is sug-
gested by Figure 1, as a consequence we de-
cided for a robust estimate of the covariance ma-
trix. This estimate is associated with the MCD
estimator and can be found in Table 5 in the Ap-
pendix. The strongest sample correlations (high in
absolute value) are between δ34S, δ18O, δ18Ocaf
and the variables of localization (latitude, longitude
and altitude). The strong correlations between the
isotopic compositions of oxygen and the variables
of localization reflect the isotope effect of altitude
(the rainfall values become more negative in δ18O
as the altitude increases, Rodrigues, 2011) and
climate, which is a characteristic factor of each
region, which in turn affects the evapotranspiration
of the coffee trees and thus influences the isotopic
composition of the bean.
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Figure 1: Scatter plots of the variables with observations
coloured according its geographical origin. The observations
from the Hawaii Island are represented by a green circumfer-
ence (m), the observations from the remaining islands of the
Hawaiian Archipelago by a green circle (l).

The scatter plot in Figure 1a suggests that the
isotopic compositions of oxygen and nitrogen, in
the caffeine of the green coffee bean, are impor-
tant in the differentiation of the observations from
the African continent and the ones from the re-
maining geographical origins. It is also apparent
from Figure 1a that the observations from Kenya
and Ethiopia are characterised by values simul-
taneously high in δ18Ocaf and δ15Ncaf , with the
exception of one observation from Ethiopia which
has a very low δ18Ocaf value.

The scatter plot of the sulfur isotopic composition
and the strontium isotopic ratio, shown in Figure
1b, suggests that the Hawaii Island (HawaiiIsland)
can be distinguished from the other islands of the
Hawaiian Archipelago (HawaiiArchip) because of the
reduced values in δ34S. Moreover, the observa-
tions from Brazil are characterized by large values
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of 87Sr/86Sr, as opposed to the observations from
Hawaii which are in general associated with small
values of that variable, especially the observations
from the Hawaii Island.

Principal Component Analysis

The PCA presented here considers the observa-
tions without missing values of the set4 and is
based on the Projection Pursuit method. The scale
estimator chosen to maximize the principal compo-
nents variance is the MAD estimator.

The first three (out of five) principal components
are retained and explain 88% of total variability of
the data. The estimated loadings are shown in
Table 3. Although we do not use a different notation
the variables are standardized.

We deemed reasonable to interpret the loadings
of the principal components exceeding 0.25 in ab-
solute value and shown in bold in Table 3. The
scores of the estimated principal components are
plotted in Figure 2, with the identification of the
geographical origin.

Table 3: Loadings of the PCA via Projection Pursuit applied to
set4 (standardized data).

CP1 CP2 CP3

δ34S 0.694 -0.447 -0.211
87Sr/86Sr -0.293 -0.435 0.196
δ13Ccaf 0.054 0.749 -0.044
δ18Ocaf 0.639 0.201 0.508
δ15Ncaf -0.147 -0.097 0.810

ˆCor(CPi,CPtri) 0.986 0.976 0.937

The first principal component can be seen as
a contrast between the type of soil (characterized
by 87Sr/86Sr) and the altitude and distance to the
sea (which are reflected on the values of δ34S and
δ18Ocaf ).

The observed scores of the first principal com-
ponent (Figure 2a) reveal a wide variability in the
Hawaiian regions. The observations from Brazil
and the Hawaii Island are those with the smaller
scores; these observations come from medium
altitudes (compared with all observations). As far
as the Hawaiian Archipelago is concerned, we can
add that the observations from the Hawaii Island
are the ones further from the ocean and with the
smallest scores. By contrast, the observations
from the remaining islands are those with the high-
est scores on the first principal component and the
closest to the ocean.

The second principal component reflects the pri-
mary metabolism of coffee plant (through δ13Ccaf )
against the type of soil (influencing the values of
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Figure 2: Scores of the estimated principal components of the
PCA via Projection Pursuit applied to set4 (standardized data).
The observations from the Hawaii Island are represented by a
green circumference (m), the remaining islands of the Hawaiian
Archipelago are represented by a green circle (l).

87Sr/86Sr and δ34S).
The scores of the second principal component

(see Figure 2) of the observations from the Hawaii
Island and Kenya (mountainous areas) are mostly
negative, while the scores of the observations from
Brazil and the remaining islands of the Hawaiian
Archipelago are positive, revealing in general a
separation between these two groups of observa-
tions.

The variability between the producing regions of
Hawaii found in the scores of the first and second
principal components (Figure 2a) can be explained
by the altitude variations and volcanic activity of
this Archipelago, which influence the values of the
isotopic compositions, namely the values of δ34S
and δ18Ocaf .

The third principal component is a weighted

6



mean between δ15Ncaf and δ18Ocaf . This can be
interpreted as a ponderation between agricultural
practices, continental effect and climate.

In the plot of scores of the third principal compo-
nent, shown in Figure 2b, there is a virtual separa-
tion between the African countries and the other
producing regions. This can be clearly seen by
crossing the scores of the third principal compo-
nent with one of the other retained components.
The observations from Kenya and Ethiopia have
high scores on this principal component, therefore
we can conclude that the caffeine molecule of the
green coffee bean is more enriched in heavy iso-
tope of oxygen and nitrogen in Africa than in the
other regions. The observations from Hawaii have
in contrast the smallest scores of the third principal
component.

Interestingly enough, the enrichment of the
green coffee beans in heavy isotopes of oxygen
and nitrogen can be related to higher evapotranspi-
ration of the coffee trees due the climate of these
countries (Rodrigues, 2011).

Outlier detection

We now proceed with the outlier detection to con-
firm the existence of outliers suggested by the
descriptive analysis of the data set.

The outlier detection applied to set2, which re-
tains two out of three principal components (esti-
mated by Projection Pursuit), allows us to find a
set of observations clearly distinct from the rest.
Bear in mind that this set was not identified in other
analyses because of the missing values. Judging
by Figure 3, these observations are characterized
by the high values in the oxygen isotopic compo-
sition of the green coffee beans. Moreover these
are the peculiar observations from the harvest year
of 2004. In fact, these observations came from
the state of São Paulo and south of Minas Gerais,
hence, the high values may be explained by the
heat wave that hit the farms of São Paulo in 2004
(Marengo et al., 2010).

The detection of these observations is relevant
to demonstrate the influence of climate factors on
the oxygen isotopic composition of green coffee
beans. Indeed, samples from the same geograph-
ical origin but with distinct harvest periods or local-
izations with a different climate may be a source of
great variability in the data when it comes to the
oxygen isotopic composition.

Additional analyses to several other subsets led
to the classification of a few more observations
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Figure 3: Scatter plot of the standardized variables δ18O and
δ15N of the set2. The observations with a filled symbol corre-
spond to the detected outliers.

from Brazil as outliers. These observations are es-
sentially characterized by high values in the stron-
tium isotopic ratio.

Cluster Analysis

In order to better describe the groups devised in
the cluster analysis, we refer the reader to Figure
4 which provides information about the clustering
process. The final branches are coloured accord-
ing to the geographical origin of the corresponding
objects and the IDs in accordance with altitude.

The analysis of the partition in four groups allows
us to conclude that the chemical characteristics of
coffee under study, which are reflected in the prin-
cipal components, have the potential to differenti-
ate the geographical origin of green coffee beans.
Indeed, only 10 out of 76 observations (13%) are
assigned to a group other than its geographical
origin. Furthermore, the Hawaiian Archipelago
are separated in two groups, one fundamentally
related to low altitudes (G2) and another one asso-
ciated with medium altitudes (G3) and roughly with
the Hawaii Island.

Classification

In the selection of a classifier we take into account
the comparisons between the several classifiers
we obtained and we ponder over some practi-
cal aspects. These practical aspects regard the
collection of new samples and are also related
to the fact that adding a variable significantly in-
creases the number of procedures and the costs
associated with the measurement of this variable.
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Table 4: Performance measures of the RMLR classifier (λ = 0.2), obtained after a leave-one-out validation and considering a
training set with standardized data and without missing values or the observation from Ethiopia.

Classifier Variables Class Recall Precision FPR Accy Dist.Opt.

set3: δ13Ccaf , Brazil 0.750 0.938 0.018
RMLR δ15Ncaf , Hawaii 0.957 0.900 0.167
(λ = 0.2) δ18Ocaf , Kenya 1.000 0.909 0.015

87Sr/86Sr Global 0.902 0.916 0.066 0.909 0.171

The selected classifier corresponds to the RMLR
estimated with the variables of set3 and regular-
ization parameter λ = 0.2, standardized data and
without missing values, for the set of classes com-
prising Brazil, Hawaii and Kenya. The performance
measures of this classifier were estimated by using
the performance measures estimated by the leave-
one-out method and are shown in Table 4.

We wrap up this section with a description of the
classification rule associated with this classifier.

Classification rule: Given a new observation, with
values x0 = (x01, x02, x03, x04)

t in the variables
87Sr/86Sr, δ13Ccaf , δ18Ocaf and δ15Ncaf (respec-
tively), standardize the observations as follows:

x
∗
0 =

(
x01 − 0.70845

0.00446
,
x02 + 27.11039

1.39770
,
x03 − 4.05195

3.16708
,

x04 − 0.56494

1.77777

)t

.

(2)

Define

β̂
t
1x

∗
0 =1.462 + 2.064 x

∗
01 − 1.301 x

∗
02 − 2.937 x

∗
03

− 1.837 x
∗
04 (3)

β̂
t
2x

∗
0 =2.544− 1.710 x

∗
01 − 0.916 x

∗
02 − 1.721 x

∗
03

− 2.218 x
∗
04 (4)

and calculate

p̂1 = P̂
(

Brazilian origin | x∗
0 , β̂

)
=

exp
(
β̂

t
1x

∗
0

)
exp

(
β̂

t
1x

∗
0

)
+ exp

(
β̂

t
2x

∗
0

)
+ 1

, (5)

p̂2 = P̂
(

Hawaiian origin | x∗
0 , β̂

)
=

exp
(
β̂

t
2x

∗
0

)
exp

(
β̂

t
1x

∗
0

)
+ exp

(
β̂

t
2x

∗
0

)
+ 1

, (6)

p̂3 = P̂
(

Kenyan origin | x∗
0 , β̂

)
= 1− (p̂1 + p̂2) . (7)

Finally, allocate x0 to the class Ci (Ci ∈ {Brazil,
Hawaii, Kenya}) if:

x0 ∈ Ci = argmax
i=1,2,3

p̂i. (8)

4 Conclusions

The problem of the geographical differentiation of
green coffee beans prompted us to study a data
set characterized by variables essentially referring
to isotopic compositions of the green coffee bean,
with many missing values. These missing values
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led us to discard some observations; even so,
the dimension of the subsets considered in the
different statistical analysis we performed is high
compared to other studies in this specific area.

Another distinctive feature of the data set: the
variables refer to the isotopic compositions of the
caffeine extracted from the green coffee bean. We
ought to note they have been rarely addressed
in similar studies. In particular, we identified the
isotopic composition of nitrogen (δ15Ncaf ) as a
promising variable in the geographical differenti-
ation of green coffee beans, an unprecedented
fact, as far as we have investigated. The oxy-
gen isotopic composition of caffeine (δ18Ocaf ) and
the strontium isotopic ratio (87Sr/86Sr) have also
shown some potential in such differentiation. The
sulfur isotopic composition (δ34S) was identified
as interesting from the point of view of differenti-
ation between micro-regions, such as the Hawaii
Island and the remaining islands of the Hawaiian
Archipelago.

As far as statistical analyses are concerned, we
used robust estimation, automatic variable selec-
tion methods, and methods to handle with missing
values so as not to impair the results.

Even though we were able to devise a classifier,
we are convinced it can be improved if we invest
on the collection of larger coffee samples, explore
the relationships between the green coffee bean
and factors such as climate, soil composition, sea-
son, and year of harvest, altitude, etc., and also
invest more on the statistical analyses we referred
above.
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A Appendix

This section contains the sample correlation ma-
trix associated not only with the variables from
set1, but also with altitude, latitude, longitude,
and oxygen isotopic composition of precipitation
(δ18Oprec). The robust estimate of this matrix was
obtained using the MCD estimator from the func-
tion CovMcd of rrcov package from R. The correla-
tions larger than or equal to 0.70, in absolute value,
appear in bold.

Table
5:

R
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