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In this study, a multivariate calibration multi-product model was built by combining partial least square
regression (PLS) and portable near infrared (NIR) spectroscopy for the determination of ethanol content in
fermented alcoholic beverages. Reference values were obtained by gas chromatography with flame ionization

Ei:;‘:)ﬁzrics detection (GC-FID). Aiming at building a robust model, a great variety of beers, ciders, meads, and wines were
Miniaturization incorporated into the model. NIR spectra were recorded between 908 and 1676 nm for 153 alcoholic beverage

samples, corresponding to a range from 4.3 to 15.3% (v/v) of alcohol content. PLS model provided accurate
results with root mean square errors of calibration (RMSEC) and prediction (RMSEP) of 0.8% and 0.9%,
respectively. The developed method was validated through the estimate of proper figures of merit, such as
linearity, trueness, precision, analytical sensitivity, bias, and residual prediction deviation (RPD). This method
was simple, direct, rapid, of low-cost and environmentally friendly, not consuming reagents or solvents nor
generating chemical waste. It could be incorporated in analytical platforms for quality inspection, contributing to

Direct analysis

provide better transparency in the food supply chain.

1. Introduction

The expanding global market of alcoholic beverages has increased
the demand for their quality control and inspection. One of the main
parameters for this control is the ethanol content, whose concentration
characterizes the product and may represent its identity. This analytical
demand is linked to the quality assurance in the food supply chain,
taxation and declaration of ethanol content on the label [1]. From the
forensic point of view, it is also important to verify whether a beverage
was adulterated or counterfeit [2]. Some countries classify alcoholic
beverages according to their ethanol content. The legal category of a
beverage can impact the type of license required to manufacture,
distribute, and sell the product; it may also influence on taxation [3,4].
Many countries have high excise duties for fermented alcoholic drinks,
and the incorrect declaration of alcoholic strength is one of the fraud
categories found in official regulations [5,6]. Fermented drinks usually
have up to 16% alcohol by volume, while distilled beverages have much
higher contents, between 30 and 60% [7]. Beer and wine are among the
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most consumed beverages in the word, being the two most consumed
alcoholic drinks in Europe [8]. In the present study, two other less
consumed fermented beverages were analyzed, cider and mead, whose
primary raw materials are apple juice and honey, respectively.

Ethanol content was one of the earliest parameters for which quan-
titative analytical methods were developed in the quality control of
beverages [9]. The classical method for quantifying ethanol in alcoholic
beverages is based on determining the density of the beverage after a
distillation step [10]. This is a is non-selective, laborious and
time-consuming approach. Considering the need for quality control in-
spection in the food supply chain, several analytical methods have been
developed for determining ethanol in different alcoholic beverages,
including both fermented and distilled. Articles developing methods to
quantify ethanol in more than one type of beverage have been based
mainly on chromatographic techniques, such as gas chromatography
coupled to mass spectrometry (GC-MS) [9] or flame ionization detection
(GC-FID) [11], and high-performance liquid chromatography (HPLC)
[12]. Besides being laborious and time-consuming, chromatographic
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Fig. 1. NIR spectra preprocessed by Savitzky-Golay smoothing and standard normal variate (SNV) of all the 153 analyzed beverages samples.

Table 1
Results for the optimization of the developed PLS model through the detection of outliers.
Number of calibration Number of validation Number of latent RMSEC RMSEP RMSECV RPD RPD
samples samples variables (LV) (%) (%) (%) calibration validation
Before  Beer 26 13 8 1.4 1.8 1.7 2.1 2.0
Cider 27 13
Mead 24 12
Wine 25 13
After Beer 25 13 8 0.8 0.9 1.0 3.5 4.1
Cider 25 11
Mead 21 10
Wine 21 10

methods go against the principles of green chemistry, which search to
avoid the use of toxic solvents and to minimize the generation of
chemical waste. Thus, many alternative methods have been developed,
mainly in the last years, seeking to overcome these limitations. These
methods have been based on amperometric detection [13], microbial
biosensing employing a eukaryote double-mediator system [14], direct
analysis in real time mass spectrometry (DART-MS) [2], a colorimetric
reaction of ethanol with dichromate in a 3D printing system [15],
UV-visible spectra acquired in a flow system with in-line gas-diffusion
[1], visible chemical waves registered with a smartphone during a
Belousov-Zhabotinsky (BZ) reaction [16], a chemo-chronometric assay
utilizing the BZ oscillating reaction [17] and RGB digital images ob-
tained with a desktop scanner [18]. Most of these methods consume
reagents [1,15-18], in some cases toxic reagents [15]. While beer and
wine are among the most analyzed beverages in all previously
mentioned articles, studies involving cider and mead are scarce in the

literature. Only one article has determined ethanol specifically in cider
by employing *H NMR spectroscopy [19].

In the last years, vibrational spectroscopic techniques have increas-
ingly represented alternatives for developing simpler, direct, faster, and
greener analytical methods. Since these techniques provide overlapped
analytical signals, their combination with chemometric tools is almost
mandatory. Recently, the advantages of these techniques have been
improved due to the miniaturization of the spectrophotometers. In fact,
portability is an important trend in analytical chemistry in general, not
only in spectroscopy, providing advantages such as time saving, low
costs of operation, small size and light weight of the equipments, lower
energy consumption and environmentally friendly analysis [20-24]. A
minimum or no sample pretreatment is required, small sample volumes
are necessary, there is no need to consume reagents or solvents, and no
chemical waste is generated. There are evident advantages in elimi-
nating the need of sending samples to the laboratory, as it can be moved
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Fig. 2. Plot of reference alcohol content versus predicted values for the developed PLS model. (a) Representation as a function of calibration and validation samples.
Empty circles indicate calibration samples and full down triangles indicate validation samples. (b) Representation as a function of the type of beverage. gray crosses
represent beer samples, green asterisks cider samples, blue squares mead samples, and red down triangles wine samples.

to the field [20]. Particularly, portable devices can provide fast
screening of beverage authenticity directly at the point of need [22].
Among vibrational techniques, handheld near infrared (NIR) devices
present the advantages of being mostly cheaper, lighter and of smaller
dimensions than Raman and mid infrared portable equipments [23,24].
Due to these characteristics, portable NIR spectroscopy is becoming one
of the most commercially developed and employed analytical platforms
for determining food authenticity, allowing integration into digital
traceability systems [23]. In a previous and very recent article, our
research group has employed portable NIR spectroscopy and multivar-
iate calibration to determine the alcoholic strength of only one beverage
matrix, beer [25]. In the present study, going beyond this previous
reference, we developed a multi-product quantitative model by
analyzing four different beverage matrices, which implies several ad-
vantages discussed in the next paragraph.

Multi-product models were obtained from spectral data for different
types of samples or matrices, which are combined into a single multi-
variate calibration model [26,27]. They are also called global or robust
calibration models (though these two terms have also been used for
other situations) and can be very convenient and cost-effective. The
maintenance of several one-product calibration models is laborious and
time-consuming. Going from one-product to multi-product calibration
may result in lower accuracy, though limited to an acceptable level,
when a large number of samples for each matrix is available. However,
when the products are relatively similar and especially if the number of
samples of each product is small, making local modeling difficult,
multi-product models tend to provide a better performance and lower
prediction errors [26]. If the analytical range of the dependent variable
is not too large, the traditional linear multivariate calibration model
partial least squares (PLS) tends to provide good predictions. The use of
portable devices also facilitates the development of this type of model

since the same spectrophotometer can be carried to different analysis
sites. Multi-product multivariate calibration models have been devel-
oped in combination with NIR data for several types of matrices, such as
different foods [26], several kinds of plant feed materials [27], various
root and tuber powders [28], biomass from different product origins
[29], industrialized fruit nectars and soy juices obtained from different
fruits [30], wine grapes (Vitis vinifera L.) during on-vine ripening and at
harvest from 25 white and red grape varieties [31], and five different
vaccine products [32].

The objective of this paper was to develop and validate a multivar-
iate calibration multi-product method based on the combination of
portable NIR spectroscopy and PLS for directly determining ethanol
content in four distinct fermented alcoholic beverages. Reference values
were obtained with a method based on GC-FID. Concerning the
robustness of the method, a relative great variety of beers, ciders, meads,
and wines were incorporated into the model, corresponding to an
analytical range from 4.3 to 15.3% (v/v). The proposed method was also
submitted to a multivariate analytical validation according to the Bra-
zilian and international guidelines [33,34].

2. Materials and methods
2.1. Samples

Sample beverages utilized for the construction of the multi-product
model were beer (thirty-nine samples), cider (forty samples), mead
(thirty-six samples), and wine (thirty-eight samples). A total of 153
samples of alcoholic beverages were purchased in different local mar-
ketplaces (100% of both beer and wine samples, 4 samples of cider and 4
samples of mead) or artisanally prepared (the remaining samples of both
cider and mead) for this study. Since only a small variety of cider and
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Fig. 2. (continued).

mead brands are available in the local market, about 90% of these
beverage samples were artisanally produced in our laboratory with a
wide variety of raw materials and alcohol content, aiming at obtaining a
robust multi-product model. The whole set of samples was obtained or
prepared to provide a wide variance with their ethanol content ranging
from 4 to 16% (v/v).

2.2. Instruments and software

NIR spectra were acquired using a portable MicroNIR® 1700 spec-
trophotometer from Viavi Solutions (Milpitas, CA, USA), with an InGaAs
photodiode array detector and linear variable filter (LVF) technology as
dispersing element. This is one of the smallest NIR devices, weighing
only 64 g, with one of the best performances in the market [23]. Each
sample was scanned in the diffuse reflectance mode (and converted to
log(1/R), which is equivalent to absorbance), with twenty scans at the
wavelength range of 908-1676 nm, with resolution of 6.25 nm. Data

were processed using MATLAB® software, version 7.13 (MathWorks,
Natick, USA), coupled with the PLS_Toolbox, version 6.5 (Eigenvector
Technologies, Manson, USA). A Shimadzu GC-17A gas chromatography
system (Kyoto, Japan) equipped with a fame ionization detector (FID)
and a PoraPlot Q column (10 m x 0.32 mm x 10 pm) was used for
obtaining reference values.

2.3. Procedure

Approximately 5 mL of each beer and cider sample were degassed
using an ultrasonic bath (Equilab ULTRAsonik 28H, Madrid, Spain) for
5 min. Mead and wine samples did not need to be degassed. After
degassing, approximately 1.0 mL of each beverage sample was used for
the GC-FID reference method and the remaining 4.0 mL for the proposed
multi-product NIR method. In the sequence, 3.0 mL of each sample was
transferred to a polystyrene Petri dish (1.7 cm radius x 0.9 cm height).
The plate was placed above the MicroNIR® spectrophotometer for
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Table 2
Other estimated quantitative FOM for the developed PLS model.

Figures of merit Parameter Value

Precision

RSD repeatability (%) Beer 0.3

Cider 1.7

Mead 0.4

Wine 0.4

RSD intermediate precision =~ Beer 1.6

(%) 1.2

Cider 1.9

Mead 0.8

Wine 1.1

Durbin-Watson test 1.78
parameter
Slope 0.97

Linearity

Intercept 0.85

Correlation coefficient
Inverse of analytical 0.9
sensitivity (%)
Bias (%)
Working Range (%)

0.3+0.9
4.3-15.3

spectra recording. During all these measurements, the temperature of
the laboratory was set at 25 + 1 °C. Precautions to maintain the scat-
tering coefficient constant during the experiments were taken, such as
the control of the sample volume and the use of a reflective artifact.

2.4. GC-FID analysis (reference method)

A GC-FID method was developed for obtaining reference values for
the samples, which were used as dependent variables for the building of
the PLS model. For this chromatographic method, 100 pL of each sample
were mixed with 900 uL of the internal standard (IS) solution (1-butanol
1.0% v/v) in a 2 mL microcentrifuge tube. The carrier gas was hydrogen
with a flow of 2.2 cm® min~!. The injection port and the detector were
both held at 250 °C, and the oven temperature was maintained at 200 °C
for 4 min. An aliquot of 0.2 pL of the diluted sample was injected with
split ratio of 1:2.

2.5. Multivariate calibration model and analytical validation

A multi-product multivariate calibration model was built using PLS.
Samples were split into two-thirds and one-third for the calibration and
validation sets, respectively, by applying the Kennard-Stone algorithm
[35]. This algorithm was applied separately to the samples of each
matrix/product, guaranteeing the representativeness of each type of
beverage in the calibration and validation sets. Kennard-Stone algorithm
was chosen instead of random sampling because it ensures the selection
of representative and homogeneously distributed samples in the whole
analytical range of the multivariate space, in a reproducible manner
based on a systematic criterion [36].

The performed analytical validation searched to adapt the re-
quirements of the Brazilian and international guidelines [37,38] to the
state of the art of estimate FOM in multivariate calibration [33,34,39].

Talanta Open 7 (2023) 100180

Appropriate figures of merit (FOM) were estimated for the proposed
multi-product method in accordance with regulatory requirements, such
as trueness, precision, linearity, working range, analytical sensitivity,
bias, and residual prediction deviation (RPD). Samples with extreme
leverages, large residuals in the X block (spectral data) or large residuals
in the y block (studentized residuals of the predicted concentration
values) at 95% confidence level were detected as outliers [33,34]. The
uncertainty of the predicted values was determined to estimate confi-
dence intervals by calculating the sample-specific standard prediction
errors (SPE). SPE were calculated based on the error-in-variables
equation (EIV) [40]. This equation considers the uncertainty of the
reference method and should only be used in the absence of bias. Thus,
the absence of bias in the model should be previously verified by a t-test
with the validation samples (the worst case in relation to the calibration
samples) at 95% confidence level [39]. In addition, an elliptical joint
confidence region (EJCR) was calculated to verify the linearity and the
absence of systematic errors in the model [41,42].

3. Results and discussion

Specific guidelines recommend the utilization of a minimum of 6
(nLV+1) and 4(nLV) samples in the calibration and validation sets,
respectively, for building infrared multivariate quantitative models,
where nLV means the number of latent variables [39]. Taking into ac-
count that the number of samples available for building one-product
models was too small, it was decided to build only one multi-product
multivariate calibration model.

As already mentioned in Section 2.5, the Kennard-Stone algorithm
was employed to select samples for calibration and validation datasets,
which were composed of 102 and 51 samples, respectively. The pro-
portionality among each type of beverage was maintained in these two
datasets. NIR data were preprocessed to improve signal-to-noise ratio,
and to avoid drifts caused by multiplicative light scattering, which are
typical of diffuse reflectance spectra [43]. Spectra were sequentially
preprocessed by Savitzky-Golay smoothing (5 points filter width and
second order polynomial fit), standard normal variate scaling (SNV),
and mean centering. Fig. 1 shows all preprocessed spectra used in the
model development (before mean centering). By observing these
spectra, the most prominent signals are the absorption bands centered at
about 1200 nm and 1400 nm. These two spectral bands can be assigned
to the second overtone of C-H stretching of ethanol, and to the first
overtone of O—H stretching vibrations of ethanol and water, respec-
tively [44].

Random subsets (9 splits and 20 iterations) cross-validation was
applied to select the best number of latent variables (LV). The LV
number presenting the smallest root mean square error of cross-
validation (RMSECV) was chosen. The best model was selected with 8
LV after optimization by outlier detection. Outlier detection was per-
formed based on the parameters mentioned in Section 2.5, all at 95%
confidence level. This procedure can improve model quality since out-
liers are defined as observations showing some type of departure from
most of the data. The number of outliers must not exceed the limit of
22.2% of the training and test sets for each beverage [38,45]. From the
original data, 17 out of 153 samples were removed as outliers (11.1%),
ten from the calibration set (9.8%), and seven from the validation set
(13.7%). Table 1 specifies how many samples of each beverage were
removed from the model. After deleting outliers, the model was recon-
structed and accounted for 99.82% of the variance in X block and
93.09% in Y block. The results for the optimization of the model,
including FOM such as root mean square errors of calibration (RMSEC)
and prediction (RMSEP), and RPD for calibration and validation sets, are
showed in Table 1.

RMSEC and RMSEP are FOM related to the trueness of the multi-
variate calibration method. An improvement of these parameters was
obtained after the outliers’ detection, resulting in an RMSEC of 0.8% and
an RMSEP of 0.9% v/v. An appropriate FOM to assess the predictive
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Fig. 3. Informative vectors for the PLS model. (a) Variable importance in projection (VIP) scores. Dashed horizontal line indicates the threshold of 1.0, above which
variables are considered to contribute significantly to the PLS model. (b) Regression vector.

ability of NIR models in absolute terms is RPD, which is also a parameter
for evaluating trueness. The concept of RPD was first introduced in 1993
and corresponds to the ratio of natural variation in samples to the size of
probable prediction errors [46]. The developed PLS model presented
RPD of 3.5 and 4.1 for the calibration and validation sets, respectively.
These results are satisfactory, as PLS models with RPD values greater
than 2.4 are considered to have a good predictive capacity [33,47]. The
adjust can be evaluated through the regression plots of reference versus
predicted values, which are shown in Fig. 2. The linearity will be eval-
uated by proper statistical tests presented in Table 2 and discussed later
in this section, aiming to prove that residuals are randomly distributed.
This figure represents the same fit as function of calibration and vali-
dation samples (Fig. 2a) and as a function of the type of beverage
(Fig. 2b). It is possible to observe a difference in alcoholic strength amid
the studied matrices. Wine and mead have the highest alcohol content,

ranging between 8% and 16%. Beer has the lowest content, ranging
between 4% and 9%. Finally, cider has an intermediate alcohol content,
between 7% to 14%.

The most important informative vectors extracted from the devel-
oped PLS model were used for spectral interpretation. Regression co-
efficients and variable importance in projection (VIP) scores are shown
in Fig. 3. By jointly evaluating these plots, it is possible to identify the
variables or bands most contributing to model predictions. The VIP
scores (Fig. 3a) represent a measure of the degree of importance of each
variable in the projection used by a particular model in absolute values.
Complementarily, regression vectors (Fig. 3b) discriminate the direction
of each variable contribution. The most positive coefficients contribute
to the prediction of the target analyte, while the most negative ones can
be associated with the interferences. Variables with VIP scores above a
threshold of 1.0 are considered significant for the model predictions. It is
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Fig. 3. (continued).

also important to note that NIR spectroscopy involves interaction be-
tween matter and light, and although the spectral bands may be assigned
to vibrational modes of specific functional groups, they are not fully
selective.

According to Fig. 3, there are four discriminant spectral bands to be
highlighted, two positive and two negative regions of regression co-
efficients, which correspond to the four highest VIP scores peaks. The
band centered around 980 nm can be assigned to the second overtone of
the combination band of asymmetric and symmetric stretchings of the
O—H bond of water, which is an interference in ethanol quantification.
Spectral bands centered around 1150 nm and 1182 nm can be assigned
to the second overtones of CH3 and CHy stretchings of carbohydrates,
which are common components of all analyzed beverages. Finally, the
highest VIP score, at 1365 nm, is associated to the most predictive
spectral band related to the target analyte. This band can be assigned to
the first overtone of C—H stretching and the first overtone of the O—H
stretching of ethanol [48]. It is interesting to note that the most intense
NIR absorption band in the samples, above 1400 nm (Fig. 1) did not
contribute significantly to the model, since the respective VIP scores

presented small values below the threshold of 1.0.

Table 2 presents complementary FOM assessed for the optimized PLS
model. For evaluating linearity (Fig. 2), a correlation coefficient of
0.9312 was estimated, jointly with a slope of 0.97+0.03 and an intercept
of 0.85+0.22. These results reinforced the accuracy results represented
by RMSEC and RMSEP. In addition to these parameters, the linearity of
the model should be verified by applying proper statistical tests to check
the absence of systematic residuals. Thus, three tests were applied in the
sequence: Ryan-Joiner for checking normality, Brown-Forsythe for
checking homoscedasticity, and Durbin-Watson for confirming the
absence of autocorrelation of the residuals, all at 95% confidence level
[49]. The results of these tests assured the random behavior of the re-
siduals, with an estimated value of 1.78 for Durbin-Watson test, within
the acceptance range (1.50 - 2.50). The estimated small value of bias for
the validation set, 0.3 & 0.9%, assured the absence of systematic errors
in the model. A Student’s t-test with 44 degrees of freedom corroborated
the absence of a bias different from zero. Precision was evaluated as
repeatability and intermediate precision at three different concentration
levels for each of the four beverages, through estimating relative
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standard deviation (RSD). RSD values varied between 0.1% and 1.7% at
the level of repeatability and between 0.5% and 1.9% at the level of
intermediate precision. These results were considered good, in accor-
dance with the international guidelines that prescribe a maximum RSD
of 3.7% for repeatability and 6.0% for intermediate precision, taking
into account the level of the concentration of the analyte (above 1 g
kg™1) [10]. The analytical sensitivity was calculated from the estimate of
the instrumental noise, which was obtained through the pooled standard

deviation of ten spectra replicates of an empty Petri dish [33]. Its inverse
value, 0.9%, provides an estimate of the minimum concentration dif-
ference that the method can distinguish and established the use of only
one decimal place to represent the results.

An elliptical joint confidence region (EJCR) was also estimated to
confirm the linearity of the developed method (Fig. 4a). The limits of the
estimated EJCR at 95% confidence level include the ideal point corre-
sponding to an angular coefficient (slope) of 1 and a linear coefficient
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(intercept) of O for the plot of predicted versus reference values. More-
over, EJCR can be considered an accuracy confirmation, showing no
difference between the proposed method and the reference one.
Therefore, the results of linearity, precision and trueness allowed to
assure that the developed method can be considered accurate in the
working range from 4.3% to 15.3%. Lastly, confidence intervals were
estimated for the prediction of the validation samples. EIV equation was
employed to estimated SPE varying between 1.5-1.6% (Fig. 4b). The
reliability of the use of this equation was assured by the estimate of a
non-significant bias, as previously mentioned in the last paragraph. Only
two out of 44 validation samples were not predicted within the
respective estimated confidence intervals (95%), representing an
agreement of 95.5%. Therefore, the method was able to accurately
quantify the alcohol content in beer, cider, mead, and wine with only
one multivariate calibration model. The results shown in Fig. 4b also
assured the trueness of the method jointly with other previously dis-
cussed FOM, such as RMSEC, RMSEP and RPD.

Conclusions

In this article, portability, vibrational spectroscopy and chemo-
metrics were combined for the development of a direct, simple, rapid
and environmentally friendly analytical method. Though the reference
chromatographic method used solvents, once the model was established,
the method will no longer consume reagents or solvents and can be
considered green. A robust multi-product multivariate calibration model
was built with NIR spectra for the quantification of alcohol content in
four different fermented alcoholic beverages, demonstrating its appli-
cability to real samples. The method was submitted to a full multivariate
analytical validation through the estimate of proper figures of merit,
thus ensuring its fit for purpose. The consistency of the model was also
corroborated by a coherent spectral interpretation through analyzing its
informative vectors. The developed method presented several advan-
tages over traditional more laborious and time-consuming analytical
alternatives based on densitometry or chromatography. These advan-
tages allow to suggest the incorporation of the new method in portable
analytical platforms for quality control of beverages, thus contributing
to provide better transparency in the food supply chain. The synergy
fostered by the combination of portability, NIR spectroscopy and a
single multivariate calibration multi-product model can provide a green
analytical tool for regulatory agencies performing quality inspection
control of alcoholic beverages. This method may be expanded to
incorporate other matrices, particularly distilled beverages, thus
enlarging its analytical range.
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