
       

Characterisation of apple cider cultivars by chemometric
techniques using data from high-performance liquid
chromatography and flow-injection analysis
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Analytical techniques (HPLC and flow-injection analysis)
for determining sugars, organic acids, polyphenols and
pectins in apples, were employed along with chemometrics
in the ripening and classification studies of cider apples.
The use of principal component analysis allowed the
authors to reduce the dimensionality of the data matrix;
three new variables were obtained that accounted for
76% of variance. The projection of the apple cultivars in
the reduced space allowed us to visualize the data
structure on the basis of the degree of ripening and
technological characteristics of the cider apple varieties
monitored. Linear discriminant analysis computed a
canonical variable with a prediction capacity of 93%,
using three groups for cancellation in order to validate
the method. The use of modelling techniques, such as
SIMCA and partial least squares made an adequate
grouping of apple cultivars feasible on the basis of their
degree of ripening.
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Cider is one of the most popular drinks all around the world, and
especially in France, the United Kingdom, Germany and
Spain.

In these countries, the apple crop and its subsequent
transformation in order to obtain derivatives (brandy, vinegar,
apple juice, etc.), is of enormous commercial, economic as well
as social relevance. Therefore, any study related to the
improvement of the conditions of production and more
profitable farming practice, is of real importance and utility.

During the apple growing process, different biochemical
transformations are produced. These changes exert a special
influence on the contents of different compounds such as
sugars, acids, polyphenols and pectins.1–10

The importance, incidence and evolution of these compounds
in the growing and ripening process have been under constant
study in recent years.11–15

Due to the high number of variables which are used in fruit
ripening studies,16–18 mathematical multivariate methods are
needed to help us analyse and interpret the information that is
generated.19–21

Current technological advances, especially in the field of
microelectronics, have led to the manufacture of faster
computers which simplify mathematical calculations, thus
enabling the development of chemometrics as a multivariate
analysis technique.22,23

In the present study, pattern recognition techniques were
employed to establish discrimination rules that enable us to
differentiate apples into technological and ripening groups from
the values of certain chemical descriptors.24 These parameters
were selected according to their relevance in the ripening
process as well as for their capacity as quality indicators.

All these studies will allow the cider producer to have more
control over the raw material and to obtain higher quality
products.

Experimental

Samples

Traditional cider in Spain is made from the juice of a mixture of
cider apples which have different sensory properties, the result
being a natural, acidic juice.

The apple varieties used in this study were grown in the
Agricultural Experiment Station orchards in Villaviciosa (As-
turias, North of Spain), a village which is well known for the
excellent quality of its cider apples and derivatives. Four
different types of apples, namely Collaos (mild sharp), Durón
Arroes and Picona Rayada (sweet), Meana (bittersharp) and
Raxao (sharp), were chosen in this study for their agronomical
and technological suitability. Twenty-eight samples of these
cider apple varieties were taken at different moments of their
ripening process.

Sample preparation

The apple extracts were prepared using Richmond’s method25

with some modifications26 so as to ensure the complete
extraction of the apple compounds. In order to achieve the said
goal, 1 kg of apples were randomly chosen, of which a quarter
was mashed into pieces and introduced into a mixer. The
mixture was then covered with an adequate volume of ethanol
and hydrochloric acid, reaching a final concentration of about
80% (m/m) and 0.1% (v/v), respectively. The fruit was crushed
and vigorously mixed with these solvents for 2 min. The mush
obtained was flow-back shaken in an inert atmosphere (ni-
trogen) for 2 h. The extract was subsequently filtered through a
cellulose filter (Whatman, Maidstone, UK) and was washed
with 80% (v/v) ethanol. The eluate was then reduced to a final
volume of approximately 250 ml in a rotary evaporator at 37 °C.
After this, the concentrate was diluted with 80% (v/v) ethanol to
a final volume of 500 ml. Finally, the apple extracts were
filtered through a 0.45 mm filter (Millex, Millipore Watford,
UK) before analysis.

Analytical procedures

Sugars

Fructose, glucose, sucrose and sorbitol were determined
according to the method described by Blanco et al.26 by high-
performance liquid chromatography using a Sugar Pak-I
column (300 mm 3 6.0 mm id, 10 mm) and an aqueous solution
of 50 mg ml21 of calcium salt of EDTA as mobile phase; flow
rate, 0.5 ml min21; temperature, 90 °C. A refractive index
detector was used as the detection system.
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Malic acid

This component was analysed using the following chromato-
graphic method optimised by Blanco et al.:27 Spherisorb
column (ODS-2 250 mm 3 4.5 mm id, 3 mm); mobile phase,
phosphate buffer, pH 2.25 and 1022 m ionic strength; flow rate,
0.5 ml min21; temperature, 36 °C and UV detection at 206
nm.

Polyphenols

An FIA (flow injection analysis) system was used in the
determination of polyphenols according to the method de-
scribed by Mangas et al.,28 the following configuration being
used: carrier, Folin Ciocalteu reagent (1/100) in a 1%
Na2CO3 solution; carrier flow rate, 0.2 ml min21; reagent, 1%
Na2CO3 solution; reagent flow, 0.6 ml min21; channel dimen-
sion, 300 3 0.5 mm, 300 3 0.7 mm; process temperature,
25 °C; colorimetric detection at 673 nm; injection volume,
40 ml.

Pectins

The different pectin fractions [water-soluble pectins (WSP),
chelator-soluble pectins (CSP) and hydrochloric acid-soluble
pectins (HASP)], were estimated as total galacturonic acid by
incubation with sulfuric acid and subsequent colour develop-
ment with alkaline m-hydroxydiphenyl.29

Reagents

All the reagents, solvents and standards that were used were of
analytical quality (99% minimal purity) and were supplied by
Fluka (Buchs, Switzerland), Merck (Darmstadt, Germany) and
Sigma-Aldrich (Madrid, Spain).

Results and discussion

Data processing

The data was processed by means of the PARVUS statistical
package.30 A matrix was constructed with rows (28) represent-
ing apple samples and columns (9) corresponding to sugars
(sucrose, glucose, fructose), sorbitol, malic acid, total poly-
phenols and pectins (water-soluble pectin, chelator-soluble
pectin and hydrochloric acid-soluble pectin). Samples were
categorised as Ripe (R, 9) and Unripe (U, 19) according to the
starch–iodine test criterion.31 The data were subjected to
autoscaling before statistical analysis.

Univariate analysis

Table 1 shows the concentration of the variables monitored
during the ripening of the apples. Univariate characterisation of
the apples was carried out on the basis of Fisher’s weight (FW).
Fructose and water-soluble pectin were the two most dis-
criminant variables (FWfructose : 1.31; FWwater-soluble pectin : 1.02).
However, the use of the most discriminant variables, fructose,
did not allow us to differentiate between these two categories
(see Fig. 1), so multivariate analysis was needed.

Factor analysis

A principal component analysis (PCA) was performed in order
to establish the relationship between variables and observations,
as well as to recognise the data structure.

The application of this display method meant that we were
able to observe the data structure using three principal
components which accounted for 75.7% of the variance. An
oblique axis rotation facilitates the interpretation of the data.
The non-orthogonal varivectors were obtained from a linear

Table 1 Concentration (g kg21) of sugars, total polyphenols, pectin fractions and malic acid in apple cultivars

Apple Class S G F So TP WSP CSP HASP M

C1 U 9.9 19.7 46.0 4.57 3.46 0.11 0.24 3.00 3.40
C2 U 8.3 18.8 42.9 3.51 2.89 0.06 0.10 3.48 2.45
C3 U 13.9 17.1 45.1 3.38 2.97 0.08 0.14 5.64 3.42
C4 U 15.4 16.7 43.9 3.06 2.66 0.06 0.15 4.40 2.61
C5 R 15.0 18.0 44.0 3.56 2.80 0.09 0.19 4.31 1.81
C6 R 18.7 19.1 46.8 3.93 3.25 0.28 0.46 4.13 1.28
D1 U 7.3 13.5 33.3 4.41 3.23 0.03 0.17 4.51 3.96
D2 U 11.7 12.5 35.6 4.53 3.15 0.03 0.10 2.92 2.78
D3 U 11.7 12.0 36.3 13.99 2.60 0.03 0.12 3.17 2.70
D4 U 12.7 13.4 34.8 4.38 2.75 0.03 0.08 2.45 3.72
D5 U 18.3 15.5 38.3 6.89 1.87 0.04 0.20 5.08 2.31
D6 U 24.0 15.1 36.2 4.87 2.66 0.04 0.18 5.52 2.51
D7 U 30.1 17.4 41.1 7.31 3.13 0.08 0.20 5.91 1.71
M1 U 21.4 6.5 41.3 4.49 4.16 0.08 0.14 3.90 5.65
M2 U 27.2 11.9 49.7 3.02 4.22 0.04 0.08 3.81 4.90
M3 U 26.6 10.0 47.8 2.61 3.69 0.06 0.17 4.17 3.53
M4 U 33.0 6.4 47.7 3.02 3.39 0.06 0.19 4.18 4.50
M5 R 29.6 11.0 56.6 3.65 4.15 1.11 1.26 7.28 3.31
P1 U 9.1 17.8 56.2 5.44 3.30 0.27 0.30 16.09 1.74
P2 U 8.0 21.7 49.8 2.43 1.92 0.15 0.43 18.42 4.60
P3 R 15.8 20.6 69.0 5.00 2.82 0.18 0.24 13.60 2.43
P4 R 16.1 20.1 75.0 5.73 3.32 0.91 0.62 18.18 2.14
P5 R 9.5 15.9 56.7 5.53 3.38 1.29 0.55 12.54 1.72
R1 U 7.4 26.5 50.0 3.86 2.59 0.13 0.23 8.43 5.37
R2 U 10.7 22.5 48.1 3.59 2.40 0.15 0.30 13.47 3.62
R3 R 15.1 22.4 63.0 6.38 3.03 0.11 0.10 6.97 2.14
R4 R 11.4 20.9 49.5 3.29 2.17 0.25 0.57 8.53 5.66
R5 R 9.4 20.3 50.0 3.58 2.01 0.49 0.58 7.48 3.41

Abbreviations used for variables: S, sucrose; G, glucose; F, fructose; So, sorbitol; TP, total polyphenols; WSP, water-soluble pectin; CSP, chelator-
soluble pectin; HASP, hydrochloric acid-soluble pectin; M, malic acid. Abbreviations used for apple samples: R, Raxao; M, Meana; P, Picona Rayada; C,
Collaos; D, Durón Arroes. The subindex shows the degree of ripening within each variety, the highest subindex corresponding to the ripest apples. U, unripe
class; R, ripe class.
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transformation of the original orthogonal factors. As can be seen
in Fig. 2, where samples and variables are projected onto the
plane of the first two factors, the said factors differentiate the
apple varieties on the basis of their degree of ripening. Thus, the
ripest apples (higher subindex) have, in general, smaller scores
for the first factor than unripe ones.

The variables most correlated with the first factor were
fructose and pectins. Consequently, we can establish that the
processes of fructose accumulation and apple softening are very
important stages in fruit senescence when determining the
degree of ripening. We can also see in this representation how
the samples are reasonably well structured in variety groups.

At the same time, the technological characteristics of the
apples are visualised when the observations are projected onto
the map formed by the second and third varivectors. As can be
seen in Fig. 3, bittersharp apple varieties, such as Meana, had
lower scores for the second component and negative values for
the third varivector. On the other hand, more acidic apples, such
as Raxao, had positive scores for the second principal
component and negative values for the third varivector. Sweet
and mild sharp cultivars, such as Picona Rayada, Durón Arroes
and Collaos, did not exhibit a differentiated distribution when
they were projected onto this map (Fig. 3). In this figure, it can
also be seen that the second varivector is close to phenolic
compounds (negative correlation) whereas malic acid is
correlated with the third varivector (negative correlation).

Hence, we may state that PCA has allowed us to visualise the
data structure, since apple cultivars were reasonably well
grouped in accord with their technological characteristics and
degree of ripening.

Linear discriminant analysis (LDA)

LDA is a supervised method that can be used for visualising the
data contained in complex data-bases. Mathematical decision
rules obtained from a training set are used to classify unknown
samples. As can be seen in Table 2, 92.9% of correct predictions
were obtained using an internal cross-validation method with
three groups for cancellation.

A basic problem in LDA is deciding which variables should
be included in the analysis. This may be achieved using Wilks’
lambda (l) as selection criterion, and an F statistic to determine
the significance of the changes in lambda when a new variable
is tested. Generally, values of 3.84 as F-to-enter and 2.71 as F-
to-remove are used, which correspond to a confidence level of
90%.

In accord with the results obtained in the univariate treatment,
fructose and water-soluble pectin were the most relevant
variables. The Wilks’ lambda value obtained was 0.49, which
means that 51% of total variance is explained by within-group
differences; 82.1% of correct predictions were obtained using
these two variables to perform the cross-validated LDA
method.

Soft independent modelling of class analogy (SIMCA)

The SIMCA technique is used for constructing an enclosure for
each category using a principal component model. A reduced
model with four significant principal components, obtained
from a single-cross full validation, was employed, which
accounted for 88.2% of the variance for the unripe model, and
95.8% of the variance for the ripe model. The first and second
class errors (a and b), related to model sensitivity (1-a) and
specificity (1-b), were also taken into account. As can be seen
in Table 3, the unripe class is more sensitive and specific than

Fig. 1 Box–Whisker plots for the fructose variable. U: unripe class; R:
ripe class.

Fig. 2 Projection of the variables and samples onto the plane formed by
the two first factors. R, Raxao; M, Meana; P, Picona Rayada; C, Collaos; D,
Durón Arroes. The subindex shows the degree of ripening within each
variety, the highest subindex corresponding to the ripest apples. 1, Sucrose;
2, glucose; 3, fructose; 4, sorbitol; 5, total polyphenols; 6, water-soluble
pectin; 7, chelator-soluble pectin; 8, hydrochloric acid-soluble pectin; and 9,
malic acid.

Fig. 3 Projection of the variables and samples onto the plane formed by
the second and third factors. Abbreviations used, see Fig. 2.

Table 2 Prediction matrix for the LDA method (three groups for
cancellation)

Assigned Category
True

Category U R Hits (%)

U 18 1 94.7
R 1 8 88.9

Overall 92.9
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the ripe class. These results can be easily seen on a Coomans’
plot. As is shown in Fig. 4, three samples (marked with an
arrow) are incorrectly classified (belonging to the unripe class);
furthermore three outliers (marked with an asterisk) were
detected, one of them being the misclassified, unripe sample.

Partial least squares (PLS)

The determination of the mathematical relationship between
two variables groups (predictor variables and criterion varia-
bles), is carried out using multivariate regression techniques. In
particular, the PLS method is specially recommended when the
number of observations is small in relation to the number of
variables.

We established a binary answer (assigning value 1 to the
unripe category and 2 to the ripe category), and then carried out
a multivariate regression between this criterion variable (ripen-
ing) and the predictor variables (fructose, sorbitol, glucose,
sucrose, malic acid, polyphenols, water-soluble pectin, chela-
tor-soluble pectin, and hydrochloric acid-soluble pectin).

The model constructed using the PLS regression consisted of
four latent variables estimated by cross-validation with three
groups for cancellation. The percentages of cross-validated
explained variance, explained variance and correlation coeffi-
cient were 55, 66 and 71%, respectively. Fig. 5 shows two Box–
Whisker plots for each category using the PLS estimated value.
As we can see, the PLS technique enables correct discrimination
of apple varieties based on their degree of ripening.

Conclusions

The use of factor analysis and classification and modelling
methods to analyse the data obtained by means of the analytical
techniques of HPLC and FIA have enabled us to discriminate
between apples on the basis of their technological character-
istics and their state of ripening. Whereas fructose and pectins
were found to be the most significant variables in the apple

ripening process, malic acid and polyphenols enabled the
technological characterisation of the apple varieties.

This work was made possible by financial support from the
CICYT (ALI 92-1027-C03).
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