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ARTICLE INFO ABSTRACT

The wine industry requires reliable methods for the quantification of phenolic compounds during the
winemaking process. Infrared spectroscopy appears as a suitable technique for process control and monitoring.
The ability of Fourier transform near infrared (FT-NIR), attenuated total reflectance mid infrared (ATR-MIR)
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Chemometrics and Fourier transform infrared (FT-IR) spectroscopies to predict compositional phenolic levels during red wine
Anthocyanins . . . . . .
Tannins fermentation and aging was investigated. Prediction models containing a large number of samples collected over

two vintages from several industrial fermenting tanks as well as wine samples covering a varying number of
vintages were validated. FT-NIR appeared as the most accurate technique to predict the phenolic content.
Although slightly less accurate models were observed, ATR-MIR and FT-IR can also be used for the prediction
of the majority of phenolic measurements. Additionally, the slope and intercept test indicated a systematic error
for the three spectroscopies which seems to be slightly more pronounced for HPLC generated phenolics data
than for the spectrophotometric parameters. However, the results also showed that the predictions made with
the three instruments are statistically comparable. The robustness of the prediction models was also
investigated and discussed.

1. Introduction

The highly competitive global wine market is currently demanding
top quality products. Internationally wine producers are facing the
challenge of an increasingly competitive international scenario [1,2].
The inclusion of state of the art analytical technologies to ensure high
quality standards and process control is thus a priority [3,4]. Analytical
technologies combine several analytical tools which include physical,
chemical, mathematical, statistical and other analytical resources to
provide a holistic insight into product properties. The information
obtained can thus be beneficial for benchmarking, decision making,
grading, process control, adulteration or geographical identification
tasks, among others [5-7].

The use of spectroscopy with chemometrics combines several of
these tools. Spectroscopy has been declared as suitable for process
control and monitoring [4,8—10]. The use of infrared spectroscopy (IR)
relies on the molecular overtones and vibrations of the atoms when
infrared radiation is passed through a sample. The amount and
frequency of the absorbed light as well as the amount of reflected or
transmitted light provide information of the grape and wine biochem-

ical components. In addition, IR has been defined as a non-destructive,
fast and easy to perform analytical technique [10,11]. The fact that it
can measure more than one parameter at a time makes it the analytical
technology of preference in food-related and non-related industries
[6,12]. In the past years an increased availability of IR instruments and
applications, including quantification and discrimination tasks, have
been reported [10], nevertheless its industrial implementation seems
to be slow and only possible to medium and large size wineries [6].

Phenolic compounds in combination with other major wine con-
stituents are mainly responsible for the mouth feel attributes of a red
wine [13,14]. Moreover, the colour properties of a wine depend on the
levels and chemical state of the phenolic compounds present at the
time of evaluation [15,16]. Phenolic compounds are extracted during
the fermentation mainly from the solid parts of the grape berry [17].
However, the level of these compounds is not the main factor
contributing to their later presence in wine. The interactions and
associations among phenolic substances, which occur as soon as the
compounds coexist in the must, influence their further presence and
consequently their contribution to the wine organoleptic properties
[18,19].
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A number of studies aiming to monitor phenolic compounds during
the fermentation process using infrared spectroscopy have been
reported in the literature. Visible-Near infrared spectroscopy was
explored by Cozzolino [20]. Only calibration statistics for malvidin-3-
glucoside, polymeric pigments and tannins models using HPLC analy-
sis as reference method were reported in Cabernet Sauvignon and
Shiraz fermentations collected over two vintages. Additionally, Fragoso
[21] also reported quantification models for fermenting samples using
Fourier Transform (FT) Mid-infrared with the spectrophotometric
determination of total phenolics (TP), anthocyanins (TA) and methyl-
cellulose precipitable (MCP) tannins as reference methods. Five
different cultivars were included in the trail and microvinifications
(4 kg) were performed at different ripening levels. Samples were
collected during fermentation for 10 days. Validation residual pre-
dictive deviation (RPD) values higher than 3 for TP and TA and lower
than 2.5 for MCP tannins were reported. Finally, di Egidio [8]
investigated the use of Near- (NIR) and Mid-infrared (MIR) to monitor
the levels of TP, TA and total flavonols (TF) in 15 micro-vinifications
during the fermentation process of Nebbiolo grapes. Good calibration
models were reported, however the lack of the standardization of the
predictive accuracy makes it difficult to compare the results with those
reported in other studies. The combination of ultraviolet-visible and
near infrared (UV-VIS—-NIR) spectroscopy was also investigate for
some of the most representative phenolic compounds [22]. Accurate
single cultivar models were observed for catechin and malvidin,
however due to the limited number of samples no validation data
was reported.

NIR and IR (WineScan™, Foss Electric) spectra in transmission
mode as well as attenuated total reflectance (ATR) MIR spectra in
reflexion mode was collected from a large set of fermenting samples
and wines. Prediction models were built for 27 individual phenolic
compounds quantified using an HPLC method as well as for the
spectrophotometric determinations TP, TA, MCP tannins and colour
density (CD). The aim of this study was thus to provide accurate
externally validated prediction models for phenolic monitoring, quan-
tification and profiling during the winemaking process. The goal of
comparing three spectroscopic techniques relies on the identified need
of providing an increasing number of applications to scientists and
professionals. Despite the published studies, a direct comparison
between three different spectroscopic techniques has not yet been
investigated. An additional statistical treatment of the predictions
obtained with the different instruments is reported in this study. The
suitability of each technique has been evaluated based on the results
obtained from the process of model calibration and validation.

2. Materials and methods
2.1. Reagents and standards

Phosphoric acid and caffeic acid were purchased from Fluka
(Sigma-Aldrich Chemie, Steinheim, Germany). Acetonitrile was ob-
tained from Merck (Darmstadt, Germany). Methyl cellulose, ammo-
nium sulphate, hydrochloric acid (HCI), gallic acid, catechin, p-
coumaric acid, quercetin-3-glucoside and quercetin were obtained
from Sigma-Aldrich Chemie, (Steinheim, Germany) and malvidine-3-
glucoside chloride was purchased from Extrasynthese (Lyon, France).

2.2. Samples

Samples during the fermentation process were collected from 13
commercial scale vinifications at the Welgevallen cellar (Stellenbosch,
South Africa) over two consecutive vintages (2015-2016). Nine
different fermentations were followed in 2015 and four fermentations
were sampled in 2016. Four cultivars were represented including
Cabernet Sauvignon, Shiraz, Pinotage and Grenache. Samples were
collected daily the first 15 days of the fermentation and every 3 days for
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a maximum period of two months after fermentation. Samples were
passed through a kitchen sieve and frozen immediately after collection.
Varying phenolic and sugar ripening levels, cold maceration, the use of
different yeast strains, extended maceration, tannin addition and
malolactic fermentation in barrel were some of the winemaking
variables included in the sample set. Fermentations took place in
different fermenters, ranging from 3.000 to 10.000 L. A total of 391
samples were collected. The day of analysis, the samples were thawed
at room temperature and centrifuged in a 7366 Hermle centrifuge
(Wehingen, Germany) at 3248 g for 5 min before spectra collection or
analysis were performed. Additionally, wine samples (178) spanning a
range of vintages (from 2005 to 2016) and cultivars (12) as well as
some blends were also collected and analysed. Before analysis the
samples were also centrifuged at 3248 g for 5 min. A total number of
569 samples including fermenting samples and wines were used in the
calibrations.

2.3. Spectrophotometric analysis of phenolic compounds

The method reported by Iland [23] was used for the quantification
of total anthocyanin and total phenolic content. The samples were
diluted 50 times with HCl 1 M and kept for 3 h before the absorbance
at 280 nm and 520 nm was recorded using a Multiskan GO Microplate
Spectrophotometer (Thermo Fisher Scientific, Inc., Waltham, MA,
USA). The total phenolics index was calculated as the A280nm times
the dilution factor (DF 50). The anthocyanins content (mg/L
malvidin-3-glucoside) was calculated using the molar extinction coeffi-
cient (¢) and the molecular weight (MW) of the most abundant
anthocyanin found in wine malvidin-3-glucoside (e 28.000 L/
cm*mol; MW = 529 g/mol) times the dilution factor. The total tannin
content was quantified using the methyl cellulose (MCP) tannin assay
developed by Sarneckis [24] and later adapted to a high throughput
format by Mercurio [25]. Briefly the method consists of a polymer-
tannin interaction that results in an insoluble complex that precipitates
and can be measured by comparing a control sample and a treatment
sample (where tannins are removed by centrifugation). In a 2 mL
microfuge tube, 600 puL of MCP solution was mixed with 50 uL of wine
and let to stand for 2—3 min. 400 pL of saturated ammonium sulphate
solution and 950 pL of distilled water were added to a final volume of
2 mL (treatment sample). A control sample with distilled water
(600 pL) instead of MCP solution was also prepared. Samples were
left for 10 min prior to centrifugation in an Eppendorf 5415D
centrifuge (Hamburg, Germany) at 9279 g for 5 min. The difference
between the control A280 nm value and the treatment A280 nm value
was converted into epicatechin equivalents (mg/L) using a calibration
curve. A dilution factor of 40 was used to calculate the total tannin
content. The methylcellulose solution (0.04% w/v; 1500 cP viscosity at
2%) was prepared according to the method's instructions [25]. Colour
density was measured according to Glories [26]. Fifty puL of wine were
directly pipetted into a UV-VIS Nunc F96 MicroWell plate (Nunc,
Langenselbold, Germany) and the absorbance at 420 nm, 520 nm and
620 nm were recorded. The colour density was calculated as the sum of
the three wavelengths. Absorbance values were always referenced to a
standard 10 mm path length.

2.4. HPLC analysis of phenolic compounds

The phenolic composition was analysed following the method
initially reported by Peng [27] with some modifications. An Agilent
Technologies 1260 Infinity series (Agilent, Waldbronn, Germany)
HPLC system with a PLRP-S polymeric reversed phased column
(3 um particle size, 100 A pore size, 150 mm x 4.6 mm), at 35 °C
was used for the quantification of phenolic compounds. The solvents
used were 100% acetonitrile (A) and phosphoric acid in water at 1.5%
(B) for a gradient elution flow rate of 1 mL/min: 0 min (5% solvent B),
73 (25% solvent B), 78 (50% solvent B), 86 (50% solvent B),
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90 (5% solvent B), with a re-equilibration time of 15 min. The injection
volume was 20 uL and the phenolic compounds were detected by a
photodiode array detector at 280 (gallic acid, monomeric and poly-
meric flavan-3-ols), 320 (phenolic acids), 360 (flavonols) and 520 nm
(anthocyanins and polymeric pigments). External calibrations were
obtained for gallic acid, catechin, caffeic acid, p-cumaric acid, querce-
tin-3-glucoside, quercetin and malvidin-3-glucoside. When the stan-
dards were not available the phenolic compounds were quantified using
the available calibration curve of the compounds that correspond to the
same phenolic family e.g. all the anthocyanins were quantified using
malvidin-3-glucoside as standard.

2.5. Infrared scanning

Prior scanning samples were centrifuged as indicated in the
previous section. Spectra were collected using a Multi-Purpose analyser
(MPA) FT-NIR instrument (Bruker Optics, Ettlingen, Germany) in
transmission mode. Samples were placed in a 1 mm cuvette and the
spectra were averaged from 64 scans and collected in absorbance mode
at 2 cm™' resolution, at 10 kHz scanner velocity in the wavenumber
range of 12,500—4000 cm™’. An air background spectrum was mea-
sured at regular intervals during spectra acquisition and automatically
subtracted from each sample spectrum. ATR FT-MIR spectra were also
acquired. Each sample was scanned on an Alpha-P ATR FT-MIR
spectrometer (Bruker Optics, Ettlingen, Germany), fitted with a
2 mm? single bounce diamond crystal sample plate. Spectra collection
was done under the following scanning parameters: 4000—600 cm™!
wavenumber range, 4 cm™! resolution, 7.5 kHz scanner velocity, and
64 sample scans at constant temperature of 30 °C. The instrumental
control was carried out using OPUS software (OPUS v. 7.0 for
Microsoft, Bruker Optics, Ettlingen, Germany). Finally, FT-IR spectral
measurements were also performed using a WineScan™ FT120
instrument (Foss Electric, Denmark). Samples were scanned from
5011 to 929 em' (which includes a small section of the near-IR region)
at 4 cm™! resolutions, and 20 scan per sample at 40 °C. FT-IR spectra
were recorded in transmittance mode, and converted to a linearized
absorbance spectrum [28]. Background absorbance in the wine sample
is corrected through the use of a Foss Zero Liquid S-6060 (WineScan™
manual), which is scanned prior to the wine samples.

2.6. Development and validation of the prediction models

Data analysis and model performance was evaluated using OPUS
software (OPUS v. 7.2 for Microsoft, Bruker Optics, Ettlingen,
Germany). Initially, cross validated models were optimized using the
general B option included in the software package. The advantage of
this option is that the spectral range is divided into 10 sub regions. The
software builds models using single or combinations of regions until
the best model performance (lower error) is provided. Twenty samples
were left out and used as internal validation in the cross validated
optimized models. A large number of different spectral pre-processing
options, including smoothing, standardization, transformation and
normalization, were investigated. The number of latent variables (rank)
was defined based on the predicted residual error sum of squares
(PRESS) that is not significantly larger than the minimum. After the
identification of the minimum PRESS a quotient of the lower rank
PRESS values and the minimum is calculated. From this value a
probability is calculated and the first rank having a probability smaller
than 0.75 is selected as the optimum rank. Once the CV model was
optimized the sample set was divided into calibration and validation
sets at 50/50 and 68/32 ratios respectively. Models were validated
using the best spectral pre-processing method as indicated in the
model optimization step.

The accuracy of the prediction models was investigated using the
following statistics. The coefficient of correlations in calibration (R3cal)
and validation (R?val) which estimate the percentage of variation
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explained by the model in the training and validation set, respectively.
A R? close to 1 is a necessary condition for a good model but not the
only requirement. Poor reproducibility or the lack of correlation
between the spectral information and the chemistry lead to low R?
values. The errors in calibration (root mean square error in cross-
validations (RMSECV)) and validation (root mean square error of
prediction (RMSEP)) indicate the fit of the observations to the model in
both calibration and validation steps. RMSECV measures the average
difference between the values determined by the reference methods
and those predicted by the model. The cross validation (CV) approach
leaves out a specified number of samples that are later used for the
internal calibration of the model. This procedure is repeated until all
the samples have been left out at least once. It provides the potential
error of future samples not included in the calibration set. The RMSEP
measures the average difference between the values predicted by the
model and values obtained from the reference analytical methods
during validation of new samples. It gives the real average prediction
error. Both the RMSECV and RMSEP are expressed in the same units
as the reference values and are influenced by the range of phenolic
levels. With the aim to standardize the prediction accuracy and avoid
the effect of range in the cross validated and prediction errors, the
residual predictive deviation is also reported. RPDcal and RPDval are
defined as the ratios of the standard deviation of the calibration/
validation set and the root-mean-square error of cross validation/
prediction (RPD = SD/RMSE). High standard deviations in combina-
tion with small prediction errors provide relatively high RPD. The
higher the RPD values the greater the probability of the model to
accurately predict the levels of phenolic compounds in new samples.

Additionally, a regression test to compare data obtained from
different sources was also performed with the aim to investigate firstly,
if there was any systematic error between the values observed and
those predicted by the models and secondly, to compare the similarity
of the predictions performed by the different instruments. For this
comparison the Deming approach was used as reported earlier by
Linnet [29]. The test consists on a joint analysis on slope and intercept
(SI test) and it measures if the differences between the predictions and
the observed values are only due to random noise. The null hypothesis
(Ho) is accepted if the slope is not different from 1 and the intercept is
not different from O between the two methods at a 95% confidence
level. The regression test is a non-parametric approach suitable for
measurements affected by non-negligible experimental error. The test
does not impose that one of the methods (reference or infrared) is
chosen as reference. The test was conducted for the test (validation) set
levels of the phenolic compounds investigated in the study. To further
investigate how reliable the predictions were, inter-class correlation
coefficients (ICC) with confidence intervals at 95% and the standard
“typical” error of measurements (SEM) were investigated. ICC provides
information on the consistency of the predicted values as it is a relative
measurements of reliability [30]. The ICC takes values from 0 (no
reliability) to 1 (perfect reliability). The closer the ICC is to 1 the higher
the reliability and the lower the error. The ICC confidence intervals
were also reported in order to assess whether there were significant
differences between the predictions obtained for the same samples that
were analysed with the different instruments. On the other hand, the
SEM provides an absolute measurement of reliability as it quantifies
the precision of individual measurements. The SEM has the same units
as the reported values for the reference methods and it indicates the
amount of error that can be considered as measurement error. The
calibration results were reported following the indications provided by
Olivieri [31] and William et al. [32].

2.7. Reference values
The number of samples, average, standard deviation, minimum,

maximum and coefficient of variation (CV) of the HPLC quantified
phenolic compounds as well as the four spectrophotometric parameters
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are included in Supplementary information 1 (S1). The variation in the
concentration ranges seems to be large enough to ensure sufficient
variability in the data set. On the other hand, the standard error of the
reference methods was also reported [32]. For that, the same sample
was analysed, the same day, eight times by the same operator. A CV of
6.3% was observed for the MCP tannin levels. Moreover, the total
anthocyanins and total tannins determination showed a CV < 2%. The
determination of the colour density presented CV of 5.2%. Moreover,
CVs < 2% were observed for gallic acid, catechin, caftaric acid and
malvidine-3-glucoside while quercetin-3-glucoside showed a CV 2.6%.
Chromatographic techniques contain some limitations that might
compromise the accuracy of the predictions. Compounds are some-
times quantified based on the most available compounds (e.g. mal-
vidine-3-glucoside is used to quantify the individual anthocyanins)
which may have an influence on the response factor. Moreover, co-
elution, shifting or baseline drift are also sometimes observed. Finally,
there is always a chance to quantify a different compound with similar
spectral features.

2.8. Transmission Fourier transform near-infrared spectroscopy
(FT- NIR) prediction models

The NIR region provides vibrational information in the form of
overtones and combination bands. Despite the low intensity, the band
shape is often characteristic of single compounds or group of com-
pounds, fact that makes this technique suitable for quantification
purposes [10]. Spectral properties in the near infrared region
(12,500—-4000 cm ') were collected in transmission mode and are
reported in Supplementary information S2(a). The main dominant
features observed in the raw spectra are absorption bands that
correspond to the major components of grape and also to the ethanol
generated during the fermentation process [21]. The main dominant
features occur at 6900 cm ™! and 5100 em ™, which are related to water
and ethanol. Changes during fermentation were observed in the 4500—
4300 cm™! region and around 6900 cm™! which indicates the produc-
tion of ethanol. Moreover, changes were also noticed in the region
around 5600 cm™!, which have been associated to the changes in
glucose, fructose, phenolics and tannins that occur during the fermen-
tation [20,33].

Prediction models were investigated for the quantified HPLC
phenolic compounds as well as for the four spectrophotometric
phenolic measurements. The summary statistics for the NIR calibrated
and validated models are presented in Table 1. The number of samples
included, the range of concentrations in the validation set, the spectral
pre-processing method, the calibration/validation ratio and the statis-
tical parameters that define the accuracy of the validated prediction
models are shown. As can be observed in Table 1, only the flavan-3-ol
dimer B1 and the grape reaction product (GRP) models sowed RPD,,
values lower than 2.5. Moreover, 5 phenolic compounds, the MCP
tannins and the TPI determination showed RPD,, > 3 which ensures
increased model's robustness. In previous results reported by Cozzolino
[20], RPD > 2.5 for the prediction of the HPLC polymeric phenols peak
(reported as tannins by Cozzolino [20]), was observed for calibrated
models (no validation data was reported) containing only Cabernet
Sauvignon samples. Lower accuracy was obtained when the samples
set, composed by two cultivars, two vintages and two different yeasts,
were included in the calibration models (RPD < 2.5). The prediction
models for polymeric phenols in our study showed RPD values of 2.89
in validation. Robust prediction models were also observed, and
reported here for the first time, for the spectrophotometric determina-
tion of MCP tannins, anthocyanins, total phenolics and colour density.
The calibration/validation ratio was almost always (except two models)
set at 50/50, a fact that also adds robustness to the prediction models.

The results from the SI test showed differences at 95% confidence
interval for slope and intercept (Ho rejected) between the reference and
predicted values for most of the NIR calibrations. Interestingly, the
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spectrophotometric methods for phenolic analysis seem to provide
increased accurate models as the null hypothesis was confirmed (expect
for the anthocyanins). However, the results observed indicate a
systematic error between the combination NIR instrument/PLS mod-
els, but does not provide information about the magnitude of the error,
which means that there can be large differences between the reference
and the predicted values despite the two criteria still being met. To
investigate the reliability of the predictions ICC and SEM were
evaluated. Higher ICC values (> 0.9) were observed almost throughout
all the calibrations which indicated a high proportion (>93% on
average) of the differences attributable to the variance of the true vs.
predicted values. SEM values were always lower and comparable in
magnitude to the real error of validation given by the RMSEP which
also indicate increased accuracy.

A large number of spectral pre-processing methods were selected
during the model optimization step. Multiplicative scattering correc-
tion (MSC), named as one of the most common normalization
technique for NIR spectroscopy [34] and straight line subtraction were
preferred pre-processing methods. Min-max normalization and the
absence of spectral pre-processing were also frequently used. On the
other hand, the most commonly used spectral regions corresponded to
the 6500-5700 cm™! region, attributed to phenolic compounds and
tannins as well as to the 8800-7250 cm™' and 10,500-8800 cm™!
regions that are also selected in an important number of prediction
models (Supporting information S3(a)).

2.9. Reflexion attenuated total reflectance mid-infrared (ATR-MIR)
prediction models

The MIR range is also sensitive to some groups not detectable in the
NIR range and is thus expected that it might offer increase sensitivity
for the prediction of some wine compounds and properties [5]. MIR is
also the region in the electromagnetic spectrum that provides funda-
mental vibrational frequencies for functional groups in molecules [10].
Table 2 shows calibration and validation statistics obtained for ATR-
MIR prediction models. The spectral features obtained from the
reflected spectra are dominated by absorption bands that belong
mainly to organic acids, carbohydrates and ethanol produced during
fermentation. The bands provided by these major components masks
the characteristic IR vibrations of phenolic compounds [35]. The main
absorption bands that correspond to the infrared absorption of water
and ethanol can be observed at 3305 and 1640 cm™ and 2985 and
1050 cm™?, respectively (Supporting information S2(b)). The later
absorption bands have also been associated to organic compounds
such as fructose and glucose. Moreover, the CO, release by yeast during
fermentation can be observed at 2341 cm™!. The spectral regions
associated with the absorptions of phenolic compounds have been
identified in the 1500-1100 cm™* region [36,37] also known as the
fingerprint region (1500-900 cm™).

MIR prediction models showed RPDy, > 2.5 in 75% of the com-
pounds or parameters under study. It thus seemed that the ability of
MIR to predict phenolic compounds is slightly lower that what was
observed by NIR spectroscopy. ATR-MIR seems to have difficulties to
accurately predict GRP and quercetin, compounds that showed RPDy,;
values < 2. Moreover, the models built to predict the levels of six
phenolic compounds including gallic acid, catechin, B1, p-coumaric
acid, kaempherol and cyaniding-3-glucoside showed RPD,, >2 but
lower than 2.5. On the other hand, this technique seems to predict the
anthocyanin composition with RPD,, > 2.5 for all the anthocyanin
compounds (except for cyaniding-3-glucoside) as well as the levels of
polymeric pigments. Contrarily to what was reported by other authors
[21] RPDy, > 2.5 was observed for the MCP tannin assay prediction
model. Moreover, a model with RPD,,; = 2.59 is reported here for the
first time for the colour density parameter. In this case 7 out of 31
models were built with a calibration validation ratio of 68/32.

As observed for NIR spectroscopy, the combined slope and inter-
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cept test was rejected in most of the cases. Again the spectrophoto-
metric methods (excluding anthocyanins) were shown to provide
accurate estimations (Ho accepted) indicating the suitability of infrared
techniques to predict these parameters. With regards to ICC slightly
lower average values were observed (0.91), but again always higher
than 0.9 for the majority of the models. Finally, SEM values lower and
thus comparable to the prediction errors were always reported.

A large number of different pre-processing methods were used to
optimize the prediction models, including standard normal variate
(SNV), commonly used in IR [8] and no spectral pre-processing.
Despite the importance of pre-processing methods to improve spectro-
scopy calibrations [38] the absence of spectral pre-processing was
found as one of the preferred options. Straight line subtraction and
MSC were also used to a lesser extent. With regards to the regions
selected by the software when building the prediction models, the band
corresponding to the fingerprint regions (9001500 cm™!) which also
contains information regarding phenolic compounds was always
included as can be observed in Supporting information S3(b). Two
other regions (2250-3250 and 3500-3750 cm™!) were also often
included, which corresponds to the spectral regions around the main
absorption bands (that account to water).

2.10. Transmission Fourier transform infrared (FT-IR) prediction
models

IR spectroscopy shows a strong absorption of water and other
solvents such as ethanol compromising it applicability to hydro
alcoholic solutions. Overlap between these major components and
the analyte of interest limits its applicability for quantification purposes
[10]. Despite the possible loss of information, spectral pre-processing
and wavenumber selection techniques might be in this case required
[10]. Spectral properties contained in the infrared region are presented
in Supporting information S2(c). The presence of absorption bands
corresponding to water (1717-1543 cm™! and 3624-2971 ecm™) dom-
inate the spectra and mask the characteristic IR vibrations of the
phenolic compounds. The relevant information on phenolic com-
pounds is expected to be found in the 1600-1000 and 3000—
1700 cm™ as the region between 5000 and 3500 cm™! is thought to
contain very little information [39]. Table 3 shows summary statistics
as well as range of predicted levels, pre-processing methods in the
prediction models for the phenolic compounds and measurements
investigated in the study. As can be observed only five HPLC quantified
compounds showed RPD,, < 2.5 and within these, p-coumaric acid,
quercetin and delphinidine-3-glucoside have RPD values of 2.45, 2.48
and 2.49, respectively. On the other hand, the polymeric phenols and
peonidin-3-acetyl glucoside presented RPD,,; > 3. The prediction of the
anthocyanin content in wine samples using FT-IR spectroscopy with
PLS regression in young, crianza and reserva wines was reported by
Romera-Fernandez [40]. Prediction models for 13 different anthocya-
nins including the glucosides as well as the acetyl and cumaryl
glucosides were reported. The authors found accurate models only
for young wines as the prediction errors showed for aged wines (crianza
and reserva) were unacceptable. In the current study the inclusion of
wine samples from different vintages (2005-2016) indicates that
robust models were also obtained for samples that have been aged in
barrel or bottle for a certain period of time. Additionally, the four
spectrophotometric parameters investigated also showed RPD., >3
except for the total anthocyanin content and colour density with RPD,
=2.97 and 2.77, respectively. The models were usually predicted with a
50/50 ratio calibration/validation with only five models using cal/val
ratio of 68/32. As far as the authors know (only calibration data in
finished wine samples has been reported [39]), this is the first
validation data available on the use of a FT-IR for the prediction of
phenolic compounds in fermenting samples and wines during aging.

IS tests showed the highest number of null hypothesis accepted of
the three spectroscopies, but still the majority of the models showed
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significant differences between the true vs. predicted values. Moreover,
the spectrophotometric measurements again confirmed the Ho, but in
this case the exception was the MCP tannin model (Ho rejected). ICC
(0.93 on average) and SEM values were comparable to those obtained
with FT-NIR spectroscopy, which showed slightly higher accuracy than
those observed for the ATR-MIR instrument.

With regards to spectral pre-processing, first derivative appears in
this case as the most frequently used pre-processing method, followed
by SNV, second derivative and the combination of first derivative and
MSC. Interestingly, the absence of spectral pre-processing was not a
favourite choice in this case, which can be attributed to the high noise
caused to the calibrations by some of the interfering compounds [39].
The most frequently used spectral regions corresponded to the 930—
1335 cm ™! and 1740-2950 cm™?, regions that have been identified as
phenolic compounds containing information regions. Interestingly the
3750-5000 cm ™! region, with a priori less information on phenolics,
has also been included in a number of prediction models (Supporting
information S3(c)).

2.11. Comparison between spectroscopies in terms of robustness and
accuracy

The suitability of a specific spectroscopy technique to quantify the
levels of phenolic compounds during fermentation and aging can be
assessed by investigating the information extracted from the process of
building the prediction models. The number of samples included in the
validated models defines the range of concentrations that will be
predicted by the model with a certain RPD accuracy. In the optimiza-
tion step the outliers were identified using the Mahalanobis distance.
From the Mahalanobis distances of each calibration spectrum the
threshold of the Mahalanobis distance is calculated which defines the
threshold under which the spectra of unknown samples can be reliably
analysed (it measures the similarity between the analysed spectra and
the calibration spectra). If the models showed robust accuracy the
outliers were not excluded with the aim of not excluding important
variability contained in the samples set, being thus able to predict the
highest possible range of concentrations. The presence of outliers can
be due to abnormal spectral properties, errors during the analytical
reference methods performance or also due to non-linearity issues at
higher levels of phenolic compounds [41].

The average number of outliers was thus investigated and showed
ATR-MIR spectroscopy as the technique with the highest number of
outliers on average (3.6%). The other two studied spectroscopies (FT-
NIR and FT-IR) had a lower number of outliers excluded in the model
optimization step (2.6% and 2.7%, respectively), which on a general
basis, provided models able to predict a larger range of phenolic levels.
As commonly observed the range of concentrations accurately pre-
dicted is smaller than those quantified from the HPLC or spectro-
photometric analysis. Non-linearity behaviours were sometimes ob-
served in the model optimization step with a reduced number of
samples (generally corresponding to wine samples) in the higher range
of concentrations, which were often identified as outliers. After the
exclusion of outliers, the model performance was increased despite the
smaller range of concentrations predicted. Secondly a smaller range of
concentrations were predicted by ATR-MIR spectroscopy models for a
certain number of compounds (e.g. gallic acid, GRP, p-coumaric acid,
malvidin-3-cumaryl glucoside or polymeric pigments). From the range
of phenolic levels quantified in the data set, ATR-MIR spectroscopy
models were able to predict on average the 78% of the concentration
range measured in the fermenting samples and wines included in the
study (i.e. if the range contained in the data set for p-coumaric acid
corresponds to 0.42-43.42 mg/L and the model was able to predict
0.452-38.7 mg/L, the percentage of the range accurately predicted by
the model thus represent 89.36% of the total data set range). The
average percentage corresponded to 82% for both FT-NIR and FT-IR
spectroscopies, respectively. This indicates a bigger range of levels
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accurately predicted by the models, which is in accordance with the
smaller number of outliers excluded.

In addition, the parameters derived from the calibration and
validation steps were also investigated and compared. As expected
lower calibration than validation errors were observed for the three
spectroscopies. Following the cross validation procedure, as the
samples are at some point used for the internal validation, and have
therefore also been contained in the calibration data set, an increased
model performance is expected. On the contrary in the validation step
the samples have never been used to calibrate the model, which means
that the information of the samples used for the external validation is
completely unknown, being the model performance slightly decreased.
Average RPD values in calibration of 4.14, 3.12 and 3.02 were observed
for FT-NIR, ATR-MIR and FT-IR, respectively. Moreover, the different
spectroscopies showed RPD values in validation of 2.86, 2.55 and 2.71
for FT-NIR, ATR-MIR and FT-IR, respectively. The results indicate
that the FT-NIR technique is the most suitable for phenolics quanti-
fication of the three IR techniques assessed.

One of the first steps when performing PLS modelling concerns to
the selection of the optimum number of latent variables or dimension-
alities (also known as rank), which indicates the number of PLS
components in the multivariate models. This is not a straightforward
decision to make and in some cases may lead to overoptimistic results
due to over-fitting of models. Over-fitting is the use of prediction
models that use more complicated approaches than are necessary [42],
which means that the model performance is challenged to a critical
extent in the prediction stage. As the quantification of phenolic
compounds using IR spectroscopy in this study handled complex data,
with a large number of predictors and observations, models were
optimized with a higher rank (greater than 15) for some compounds.
Interestingly, the lower rank (10 on average) was observed for the
phenolic substances quantified with the ATR-MIR instrument which
gave on average models with lower prediction accuracy. The average
rank for FT-NIR and for FT-IR (WineScan™) was observed at higher
ranks of 15 and 22, respectively. It can be stated that a model is
overfitted if the predictions are no better than in a simpler model [42]
and this could be observed for the ATR-MIR models where higher
ranks did not provide more accurate predictions than those observed
using less complex models. The experimental design and some of the
data treatment implemented during the model optimization steps were
considered based on the possibility of minimizing the risk of overfitting
(or in other works to ensure model robustness). As wine is a complex
matrix with a changing environment, which modifies the relationships
between the variables during the fermentation and aging processes, a
large number of samples including high variability were used in the
study. This decision allowed us to include in the external validation set
a number of samples big enough to guarantee that the models have
been intensively challenged to give accurate future predictions [43].
Additionally, the variable selection step avoided the inclusion of
variables (spectral data points) that contain non or very little prediction
information, thus minimizing the inclusion into the models of non-
correlated information and noise [43]. The authors trust that by
adopting these decisions the models showed in this study are robust
enough for the prediction of external future samples.

Additionally, to the regression metrics reported here, the joint test
on slope and intercept (SI test) was also investigated using the
predicted data obtained from the three infrared instruments. A
pairwise comparison between instruments was evaluated in terms of
null hypothesis (slope equals to 1 and O intercept at 95% confidence
interval). ICC and SEM were also investigated to report on the extent of
the possible significant differences (Table 4). Interestingly and contra-
rily to what was observed for true vs predicted values, the null
hypothesis is confirmed for the majority of the phenolic calibrations
investigated in the study which points out that on a general basis the
differences in the predictions provided by the different instrument are
due to random noise. The ICC and SEM evaluation presented similar
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values for the three compared instruments, with ICC > 0.9 and SEM
values within the error of prediction reported, indicating that overall
there are not significant differences between the values predicted
regardless of the instrument and spectroscopy technique used. The
test also allowed to evaluate an instrument comparison by using the
ICC test confidence intervals at 95%. In this case an overlapping
between the CI at 95% means that there are not significant differences
between the values predicted and on the other case if the CI do not
show overlapping indicate that there are statistical differences between
the values predicted with two different calibrations. As can be observed
in Supporting information 4 (S4) only the GRP, quercetin, petunidine-
3-acetylglucoside, MCP tannins and TPI models showed no over-
lapping between FT-NIR and ATR-MIR spectroscopies. As observed
in Table 2, GRP and quercetin models performance showed lower
accuracy while in the other three cases it seems that the highly accurate
models reported for FT-NIR (Table 1) account for the differences
observed. When comparing FT-NIR with FT-IR again GRP appears as
one of the less accurate models in FT-IR while delphinide-3-glucoside
and TPI models accuracy for FT-NIR made them being significantly
different. Finally, the comparison ATR-MIR/FT-IR the differences
observed were due to the poor quercetin model found for ATR-MIR
and for the robust polymeric pigments and MCP tannins found for FT-
IR.

3. Discussion

The wine industry is currently requiring easy to operate techniques
for routine wine analysis. The possibility of on-line process control and
monitoring at different stages of the wine production chain becomes a
necessity [10]. Spectroscopy provides a suitable solution as it has been
defined as a fast, reliable and simple technique that also allows for the
quantification of several parameters simultaneously. The continuous
improvements in software and hardware together with increased
instrument availability places IR spectroscopy as a suitable option for
industrial applications. The ability of infrared spectroscopy to provide
phenolic compositional analysis during fermentation and aging has
been proved [44]. Different regions in the electromagnetic spectrum as
well as two measuring options, namely transmission and reflection,
were tested and compared. This study showed the suitability of these
techniques to estimate the levels of 27 individual phenolic compounds
as well as four important spectrophotometric phenolic measurements.

The comparison of three different spectroscopies was considered
with the aim of investigating different applications. The results showed
that the three studied techniques provide an accurate quantification of
the phenolic content during the fermentation and aging. The monitor-
ing of the phenolic content during the winemaking provides a valuable
application that will assist in the decision making during this process
(pump overs frequency, pressing, addition of enological products,
blending, microoxygenation...). Moreover, despite that the models
were built statically, an in-line and on-line monitoring of the fermenta-
tion process would be highly possible with the current available
technology (knowledge, software, probes, instruments...).

Several authors have stated that IR spectroscopy will soon become a
routine method for the modern grape and wine industry [6,11].
However, a number of limitations are delaying this transition and
preventing winemakers to benefit from the identified advantages. First
of all, the lack of the understanding of the technology appears as the
main issue which is often combined with the lack of dedicated
personnel. Moreover, the required knowledge to interpret the values
obtained is also in most cases absent. As an example, the total tannin
content of a sample can be quantified using different principles [45],
which provide results that are not in the same order of magnitude [46].
Moreover, other parameters can be expressed as indexes with no units
or as concentration of a reference compound (e.g. total phenolic index).
In order to obtain a better understanding of the results obtained,
information on the reference analytical method used to develop the
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Table 4
Slope and intercept regression test results for the three studies spectroscopy techniques.
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FT-NIR/ATR-MIR ICC SEM FT-NIR/FT-IR ICC SEM ATR-MIR/FT-IR ICC SEM
Gallic acid Ho rejected 0.88 3.91 Ho rejected 0.9 4 Ho rejected 0.89 3.92
Catechin Ho rejected 0.92 4.65 Ho rejected 0.93 3.81 Ho accepted 0.91 4.63
B1 Ho rejected 0.93 2.71 Ho accepted 0.95 2.6 Ho accepted 0.92 2.99
Polymeric phenols Ho accepted 0.93 108.3 Ho accepted 0.96 83.95 Ho accepted 0.92 114.6
GRP Ho rejected 0.86 0.71 Ho rejected 0.87 0.95 Ho rejected 0.77 1.04
Caftaric acid Ho accepted 0.93 7.6 Ho accepted 0.9 9.16 Ho accepted 0.92 8.46
Caffeic acid Ho rejected 0.94 0.65 Ho accepted 0.94 0.65 Ho accepted 0.95 0.59
Coutaric acid Ho rejected 0.94 2.56 Ho rejected 0.92 2.63 Ho rejected 0.92 3.04
p-coumaric acid Ho accepted 0.91 0.42 Ho accepted 0.89 0.46 Ho accepted 0.9 0.44
Quercetin-3-glucoside Ho accepted 0.93 8.71 Ho rejected 0.9 10.48 Ho rejected 0.89 10.63
Quercetin Ho accepted 0.91 1.36 Ho accepted 0.93 1.15 Ho rejected 0.91 1.32
Kaempherol Ho rejected 0.85 0.33 Ho accepted 0.93 0.23 Ho accepted 0.92 0.31
Delphinidin-3-glucoside Ho accepted 0.95 2.37 Ho rejected 0.93 2.54 Ho rejected 0.91 3.03
Cyanidin-3-glucoside Ho accepted 0.9 0.04 Ho accepted 0.86 0.05 Ho accepted 0.91 0.04
Petunidin-3-glucoside Ho accepted 0.94 2.61 Ho accepted 0.93 2,92 Ho accepted 0.91 3.19
Peonidin-3-glucoside Ho rejected 0.95 0.98 Ho accepted 0.93 1.49 Ho accepted 0.92 1.62
Malvidin-3-glucoside Ho accepted 0.95 16.11 Ho accepted 0.94 17.9 Ho accepted 0.93 19.1
Delphinidin-3-acetylglucoside Ho accepted 0.94 0.9 Ho accepted 0.92 1.13 Ho accepted 0.91 1.16
Cyanidin-3-acetylglucoside Ho accepted 0.95 0.29 Ho accepted 0.95 0.29 Ho rejected 0.95 0.29
Petunidin-3-acetylglucoside Ho accepted 0.95 0.8 Ho accepted 0.93 0.98 Ho accepted 0.94 0.91
Peonidin-3-acetylglucoside Ho rejected 0.95 0.74 Ho rejected 0.95 0.78 Ho rejected 0.94 0.84
Malvidin-3-acetylglucoside Ho accepted 0.95 5.73 Ho accepted 0.92 7.16 Ho accepted 0.93 6.89
Delphinidin-3-cumarylglucoside Ho accepted 0.89 0.38 Ho accepted 0.94 0.31 Ho accepted 0.92 0.33
Petunidin-3-cumarylglucoside Ho rejected 0.9 0.65 Ho accepted 0.94 0.56 Ho accepted 0.89 0.71
Peonidin-3-cumarylglucoside Ho rejected 0.92 0.95 Ho accepted 0.93 0.91 Ho accepted 0.94 0.82
Malvidin-3-cumarylglucoside Ho accepted 0.93 2.89 Ho rejected 0.91 3.19 Ho accepted 0.94 2.56
Polymeric pigments Ho rejected 0.93 4.47 Ho rejected 0.93 4.32 Ho accepted 0.93 4.33
MCP tannins Ho accepted 0.94 192.59 Ho accepted 0.97 134.6 Ho accepted 0.93 207.07
Anthocyanins Ho accepted 0.94 45.43 Ho accepted 0.93 49.74 Ho accepted 0.91 55.71
TPI Ho accepted 0.95 3.51 Ho accepted 0.96 2.95 Ho accepted 0.95 3.96
CD Ho accepted 0.94 1.82 Ho accepted 0.95 1.63 Ho accepted 0.93 2.02

calibration models would thus need to be always provided.
Additionally, is very often found that the model given by the supplier
is not able to accurately predict the samples of a specific cellar or
location. This can be due to different reasons including, the models not
covering the range of concentrations present in the cellar (models built
for red wines used to predict the levels of phenolics in rose wines) or
models not containing the chemical variability present in the cellar
samples (for instance models built to predict Pinot Noir phenolic
content without including Pinot Noir samples in the calibration step).
The implementation of the technology should be accompanied by a
model optimization step where samples from the winery or analytical
laboratory will be included in both the calibration and validations
steps. In house model calibration using the same analytical and
operational conditions would thus be the ideal scenario.

Finally, overoptimistic results are very often reported in the
literature and the prediction ability of the models needs thus to be
considered with caution. This includes reporting only calibration data
(with no independent validation), the inclusion of a limited number of
samples in the calibration models or the use of experimental wine-
making conditions. In order to ensure robustness and accuracy enough
sample variability needs to be included in the model calibrations.
Moreover, the number of external samples used to validate the model
should be kept as high as possible (50/50 ratio calibration/validation is
desirable). Besides, fermenting samples were obtained from the three
most representative South African cultivars (Cabernet Sauvignon,
Shiraz and Pinotage) and also from a fermenting tank containing
Grenache grapes. The inclusion of Grenache and Pinotage samples was
done with the objective of challenging the model with the inclusion of
samples containing different phenolic profiles (compared against
dominant varieties). As observed in the results section the models
were able to handle the additional variability. The use of models which
include only chemical information from a single cultivar should be
avoided if the aim is to predict the phenolic content of any other
different cultivars. Moreover, the inclusion of different vintages (to

535

cover varying seasonal effects) and the definition of experimental
parameters at the same level of industrial conditions are also necessary
requirements to ensure prediction accuracy. Finally, additional tests
have been also evaluated with the aim of extending on the interpreta-
tion of the results obtained and also with the aim of comparing the
prediction performance of the three instruments. The SI test showed a
systematic error between the values predicted by any of the three
instruments and those measured through the reference analytical
methods. The rejection of the null hypothesis indicates that the
predictions might provide larger error towards the extremes (slope
different from 1) and/or possible systematic over- or under-estimation
(intercept not placed at 0). With the aim of further investigating on the
type of error, Bland and Altman plots were evaluated (data not shown).
The plots consist on a representation of the difference between
observed vs. predicted against the average observed/predicted for each
sample. It is thus possible to visualize the structure of the differences
between observed vs. predicted values and therefore the error type if
any. Generally, the data points were scattered through the plot space,
indicating an equal distribution of the error (constant error) within the
95% confidence interval for a specific comparison. However, the values
were not statistical significant as was observed with the ICC and SEM
values reported. On the other hand, it seems that the three spectro-
scopy techniques investigated provide predictions statistically compar-
able, which indicates that the phenolic composition of fermenting
samples and wines can be obtained using any of the three investigated
instruments. As far as the we know this study represents the first
attempt to provide validated prediction models for the phenolic
profiling of commercial fermenting and wine samples using three
different infrared spectroscopy applications.
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