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A B S T R A C T   

This study aimed to establish relationships between wine composition and in-mouth sensory properties using a 
sensometabolomic approach. Forty-two red wines were sensorially assessed and chemically characterised using 
UPLC-QTOF-MS for targeted and untargeted analyses. Suitable partial least squares regression models were 
obtained for “dry”, “sour”, “oily”, “prickly”, and “unctuous”. “Dry” was positively contributed by flavan-3-ols, 
anthocyanin derivatives (AntD), valine, gallic acid and its ethyl ester, and peptides, and negatively by sulfo
nated flavan-3-ols, anthocyanin-ethyl-flavan-3-ols, tartaric acid, flavonols (FOL), hydroxycinnamic acids (HA), 
protocatechuic ethyl ester, and proline. The “sour” model included molecules involved in “dry” and “bitter”, 
ostensibly as a result of cognitive interactions. Derivatives of FOLs, epicatechin gallate, and N-acetyl-glucosamine 
phosphate contributed positively to “oily”, as did vanillic acid, HAs, pyranoanthocyanins, and malvidin-flavan-3- 
ol derivatives for “prickly”, and sugars, glutathione disulfide, AntD, FOL, and one HA for “unctuous”. The pre
sented approach offers an interesting tool for deciphering the sensory-active compounds involved in mouthfeel 
perception.   

1. Introduction 

The perceived intrinsic quality of red wines is initially judged by 
colour. It can be further defined by the absence of volatile molecules 
capable of depreciating aroma quality, whether at supra or subthreshold 
levels (de-la-Fuente-Blanco et al., 2017), either because they provide 
unpleasant aromas or are able to mask the positive ones (Ferreira et al., 
2009). In the presence of desirable odorant molecules that contribute a 
positive valence, wine palate properties (taste and mouthfeel) will then 
play a key role in defining the quality of a wine (Gawel et al., 2000; 
Jones et al., 2008; Sherman et al., 2020). Notably, taste and mouthfeel 
properties of wines can be considerably affected by climate change, 
which leads to modifications in both the overall sensory profile of wines 
and the underlying polyphenolic content, culminating in the perception 

of undesirable palate sensations (Sáenz-Navajas et al., 2018). 
Despite the importance of taste and mouthfeel properties in modu

lating wine quality and consumer acceptance, the specific chemical 
markers are practically unknown and limited knowledge can be found in 
the scientific literature. In this regard, Fig. 1 provides a graphical sum
mary of the main topics dealing with “wine”, “mouthfeel”, and 
“composition” obtained from the Web of Science database over the past 
decade. Six main clusters of research topics appear, including “phenolic 
composition” (in red), which captures the highest frequency of occur
rence among all the published research. This is directly linked to the 
second cluster (in violet) dealing with publications related to “fermen
tation”, namely “yeasts”, “strains” and “saccharomyces cerevisiae” as 
well as to the third cluster (in dark blue) dealing with “vintage” and 
“season”, and to a lesser extent to “vine” and “total phenolic content”. 

Abbreviations: CATA, check-all-that-apply; epi-DPA-G, epi-dihydrophaseic-3′-O-β-glucopyranoside acid; tCATA, temporal check-all-that-apply. 
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The fourth cluster (in light blue) reveals research associated with 
“consumer” and “panelist”, including sensory and sensometric ap
proaches such as “CATA”, “tCATA”, “trained panel” or “principal 
component analysis”. This cluster, mainly devoted to perception, is 
closely related to the fifth (in yellow) and sixth (in green) clusters. The 
yellow cluster deals with the sensory percepts “bitter taste” and “dry
ness” and relates to chemical composition in terms of “proanthocyani
dins”, “organic acid”, “tannin activity”, “persistence” and “phenolic 
compounds”, which also link with cluster 1. Finally, the sixth cluster (in 
green) relates to additional mouthfeel dimensions associated with 
“body” or “viscosity” that can be explained in terms of wine composition 
involving “protein”, “glucose”, “polysaccharide”, “glycerol” or 
“ethanol”, although these have mainly been studied in white wines 
(Gawel et al., 2013). 

This literature analysis highlights that phenolic composition is the 
topic capturing the highest attention, but such chemical information is 
scarcely related to sensory percepts (i.e., lower frequency of occurrence 
and thus smaller size of sensory-related words), and mostly limited to 
perceptions of wine bitterness and drying (García-Estévez et al., 2017; 
García-Estévez et al., 2018). Thus, the scientific literature aimed at 
establishing relationships between taste and mouthfeel properties and 
chemical composition is mostly focused on explaining astringency, and 
to a lesser extent bitterness, from phenolic content and/or phenolic 
structure-related measurements following different strategies. 

Most extended approaches dealing with both sensory and chemical 
information have certain limitations. Regarding sensory approaches, it 
should be considered that wine mouthfeel involves multiple sensations 

resulting in a multidimensional percept that includes various sub- 
qualities. Even though “astringency” is the most studied mouthfeel 
attribute in red wines, there are other sensory dimensions that must be 
considered to fully understand wine mouthfeel (Ferrero-del-Teso et al., 
2022; Gawel et al., 2000; Kang et al., 2019; Rinaldi et al., 2021; Sáenz- 
Navajas et al., 2017). Regarding analytical approaches, targeted liquid 
chromatography (LC) coupled to UV–Vis or mass spectrometric de
tectors (Ma et al., 2014) is among the most used. However, one disad
vantage is that classical targeted LC quantification does not make full 
use of an abundance of chemical information, as only compounds with 
available standards, known sensory activity, or sufficient concentration 
are analysed. 

The issue with targeted LC analysis has been evidenced when 
modelling wine mouthfeel properties from chemical composition, where 
tannin activity was shown to be a good predictor of wine dryness/silky 
on the palate, and tannin concentration could model both “dry” (in 
general) and “dry on the palate” attributes. However, the results high
lighted that the other independent mouthfeel dimensions could not be 
linked to the chemical variables studied (Sáenz-Navajas et al., 2020). 
Similarly, applying a targeted instrumental approach to understand the 
mouthfeel properties elicited by grape fractions, tannin activity, and 
tannin concentration along with mean degree of polymerisation (mDP) 
of tannins proved to be good for predicting perceived dryness (Ferrero- 
del-Teso et al., 2022). In addition, low molecular weight anthocyanins 
seemed to be involved in the formation of the “dry” attribute, whereas 
large polymeric pigments were related to the “sticky” dimension. 
Distinctly, the “coarse” dimension could not be modelled, which 

Fig. 1. Bibliometric network diagram arising from a search involving “wine”, “mouthfeel”, and “analysis” using Web of Science Core Collection within the last 10 
years. Different colours are used to indicate to which of the six clusters a term belongs. Each cluster is mainly characterised by the following terms (i.e., highest 
citation within a given cluster): 1) “phenolic composition” (in red), “fermentation” (in violet), “vintage” and “season” (in dark blue), “consumer” (in light blue), 
“bitter taste” (in yellow), and “viscosity” and “ethanol” (in green). Generated with VOSviewer version 1.6.18 using the default settings for both the minimum number 
of occurrences of a term and the number of terms to be selected. Note that not all terms are labelled in the figure to facilitate interpretation. 
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suggests that there are other molecules involved in the formation of this 
percept that are not measured by targeted LC (Ferrero-del-Teso et al., 
2022). Essentially, targeted approaches neglect the importance of un
known metabolites (Vallverdú-Queralt et al., 2017) as well as those 
present at low concentrations, which could nonetheless play a major role 
in the formation of taste and mouthfeel properties (Aydoğan, 2020; 
Sherman et al., 2020). 

Development of LC with high-resolution mass spectrometry (HRMS) 
in the last decade has revolutionised the study of food and natural 
product chemistry (Aydoğan, 2020; Cevallos-Cevallos & Reyes-De- 
Corcuera, 2012). The application of untargeted analytical methods is 
powerful and provides a promising alternative tool to targeted methods 
for identifying chemical markers involved in different chemical and 
biological phenomena, and for characterising the metabolome of a given 
system (Kueger et al., 2012; Sherman et al., 2020; Vallverdú-Queralt 
et al., 2017). Regarding the profiling of wine metabolome, however, 
untargeted approaches have been scarcely used to explore relationships 
between chemical composition and sensory properties, being limited to 
some recent contributions dealing with volatile composition (Chávez- 
Márquez et al., 2022) or considering both volatile and non-volatile 
fractions to predict perceived quality of Pinot Noir wines (Sherman 
et al., 2020) or the sensory properties of rosé wines (Muñoz-Redondo 
et al., 2021). 

In spite of the potential for using metabolomics to help unravel the 
sensory activity of compounds, sensomics as defined by Toelstede and 
Hofmann (2008) has not yet been explored to elucidate drivers of sen
sations experienced on the palate and predict wine taste and mouthfeel 
properties from wine composition. In this context, and with the need to 
explore new analytical approaches for understanding the chemical basis 
of mouthfeel, the goal of this work was to employ a sensomic approach 
to establish relationships between red wine composition and mouthfeel 
properties, considering the wine metabolome holistically using a UPLC- 
QTOF MS approach. More specifically, the main objectives of this study 
were: (1) to identify molecular markers of the mouthfeel dimensions 
following an untargeted metabolomic approach, and (2) to generate 
mathematical models able to predict mouthfeel dimensions from non- 
volatile chemical markers identified by both untargeted and targeted 
methods that provide more complete information. The hypothesis 
behind this project is that the untargeted UPLC-QTOF MS approach will 
enrich the information regarding sensory active molecules involved in 
wine mouthfeel perception by enabling the prediction of other di
mensions differing from those modelled by targeted UPLC-QTOF MS 
approaches. 

2. Material and methods 

2.1. Chemicals 

LC-MS grade methanol and formic acid used for the preparation of 
mobile phase were purchased from Sigma-Aldrich (St Louis, MO). Water 
for chromatography was purified by a Milli-Q system (Millipore, Mol
sheim, France). 

2.2. Wine samples 

Unwooded monovarietal wines (n = 42) selected in previous work 
(Sáenz-Navajas et al., 2020) were studied. Wines covered 14 different 
varieties from different origins (Spain, Argentina, and France) and vin
tages (2014–2018). The sample set included commercial and non-com
mercial red wines. A detailed list of wine characteristics is presented in 
Table A.1 of Appendix A. 

Reducing sugars, ethanol content, pH, and titratable acidity were 
analysed using Fourier transform infrared spectroscopy with a WineScan 
FT 120 (FOSS, Barcelona, Spain) calibrated against official OIV refer
ence methods (OIV, 2021). Wines were analysed immediately upon 
opening without centrifugation, acquiring duplicate infrared spectra for 

each sample. Total polyphenol index (TPI) was estimated from absor
bance at 280 nm (Ribéreau-Gayon, 1970) using 1-cm quartz cuvettes 
and a Shimadzu UV-1800 spectrophotometer (Kyoto, Japan). Wines for 
TPI analysis were filtered (0.45 µm) and diluted 100-fold with deionised 
water to obtain absorbance values in the range of 0.2–0.9. 

2.3. Sensory characterisation 

The sensory data derived from the mouthfeel characterisation of 
wines using nose clips as described elsewhere (Sáenz-Navajas et al., 
2020) were considered in the present work. Briefly, sensory analysis was 
carried out by 18 wine experts from the Rioja area of Spain. The list of 
terms employed in the rate-k-attributes (k = 5) sensory strategy (i.e., a 
variant of rate-all-that-apply) consisted of 23 taste and mouthfeel- 
related attributes (Sáenz-Navajas et al., 2017) (Table A.2 of Appendix 
A). Participants were asked to taste samples and rate the intensity of a 
maximum of five attributes appearing in each sample on a 7-point scale 
(1 = not intense; 7 = very intense). 

2.4. Ultra-performance liquid chromatography − quadrupole time-of- 
flight mass spectrometry (UPLC − QTOF-MS) analysis 

2.4.1. Sample preparation 
One mL of each wine sample was diluted with 2 mL of sonicated (Falc 

Instruments, Italy) Milli-Q water, and filtered with Millex® syringe 
driven filter discs (0.22 μm, PTFE, Merck Millipore Ltd, Tullagreen, 
Ireland) into a 2 mL vial for analysis. A quality control (QC) sample was 
prepared by pooling 1 mL of each of the 42 wines, prior to dilution and 
filtration as specified above. The samples were prepared and analysed 
according to a randomised order (https://www.random.org/sequences 
/). At the beginning of each batch, one blank sample (Milli-Q water) 
and five QC samples were analysed, followed by wine samples, with one 
QC after every six samples. At the end of each batch, one QC and one 
blank were injected. 

2.4.2. UPLC system 
The liquid chromatography system was a Waters Acquity UPLC 

coupled via an electrospray ionisation (ESI) interface to a Synapt HDMS 
QTOF-MS (Waters, Manchester, U.K.) operating in W mode and 
controlled by MassLynx 4.1 software. Separation was performed with an 
Acquity UPLC HSS T3 column (2.1 × 150 mm, 1.8 μm, Waters) at 40 ◦C 
with an injection volume of 10 μL. Samples were maintained at 4 ◦C in 
the autosampler prior to injection. 

The LC − MS conditions were in accordance with the method 
described in Arapitsas et al. (2014) and used by Arapitsas et al. (2016). 
Briefly, mobile phase flow rate was 0.28 mL/min and the eluents were 
water (A) and methanol (B), both containing 0.1 % v/v formic acid with 
the following gradient: 0–1 min, 0 % B; 1–3 min, 10 % B; 3–18 min, 40 % 
B; 18–21 min, 100 % B; 21–25.5 min, 100 % B; 25.5–25.6 min, 0 % B; 
25.6–28 min, 0 % B. 

Mass spectral data (full scan and W mode) were collected in positive 
and negative ESI modes during separate runs over a mass range of 
50–2000 Da with scan duration of 0.4 s in centroid mode. The transfer 
collision and trap collision voltages were set at 6 and 4 V, respectively. 
The source parameters were set as follows: capillary, 3 kV for positive 
mode and 2.5 kV for negative; sampling cone, 25 V; extraction cone, 3 V; 
source temperature, 150 ◦C; desolvation temperature, 500 ◦C; des
olvation gas (N2) flow, 1000 L/h; and nebuliser gas (N2), 50 L/h. 

External calibration of the instrument was performed at the begin
ning of each batch of samples by direct infusion of a sodium formate 
solution (10 % formic acid/0.1 M NaOH/acetonitrile at a ratio of 1:1:8), 
controlling the mass accuracy from m/z 40 to 2000 (less than 5 ppm), 
and mass resolution (>14,000 FWHM) in W-optics mode. LockMass 
calibration was applied using a solution of leucine enkephalin (0.5 mg/ 
L, m/z 556.2771 for positive ion mode and 554.2620 for negative) at 0.1 
mL/min. 
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2.4.3. MS/MS conditions 
For unknown features to be further identified, MS/MS data were 

acquired in V-optics mode (>5,000 FWHM resolution) in order to in
crease sensitivity; the data were acquired in centroid mode with a scan 
duration of between 0.2 and 0.5 s. For MS/MS experiments, the mo
lecular ions were fragmented by setting the transfer collision energy to 
20 and 40 eV. 

Targeted and untargeted analyses were carried out following similar 
UPLC–MS/MS conditions. In the targeted approach, 108 known com
pounds (Table A.3 of Appendix A) were identified based on analytical 
standards and their area was acquired for data analysis. For the untar
geted approach, features were selected based on sensory data as 
explained in the data analysis section. 

2.5. Data analysis 

2.5.1. Sensory analysis: Rate-k-attributes 
The data derived from the sensory description collected in Sáenz- 

Navajas et al. (2020) were firstly submitted to two-way ANOVA (pan
ellists as random factor and samples as fixed) for each of the 23 attri
butes of the list. Attributes that were not rated were allocated a value of 
zero when collecting data. Principal component analysis (PCA) was 
carried out with the correlation matrix of mean intensity scores (n = 18 
judges) for significant attributes. Significant PCs were considered ac
cording to Kaiser criterion (eigenvalue ≥ 1). Hierarchical cluster anal
ysis (HCA) with the Ward criteria was applied to all dimensions derived 
from PCA. To identify the attributes that best defined clusters, two-way 
ANOVA with the scores of attributes was calculated with panellists as 
the random factor and cluster as the fixed factor. Similarly, for con
ventional oenological parameters, one-way ANOVA was calculated 
considering sensory clusters as fixed factor. For significant attributes (P 
< 0.05), Fischer pair-wise comparison test was applied (α = 0.05). All 
analyses were carried out with XLSTAT (version 2019.3.1.60623). 

2.5.2. UPLC − QTOF-MS analysis 
For quality control purposes and to guarantee the robustness of the 

data during the untargeted runs and upon data analysis, PCA plots 
generated by Progenesis QI (version 2.4, nonlinear dynamics) were 
calculated for each ionisation mode. The raw files were imported 
directly into the software and the distribution/clustering of the QC in
jections was checked (Arapitsas et al., 2018). 

Default Progenesis QI parameters were used for alignment, with peak 
picking performed at the maximum level, and the first minute and last 6 
min of the run excluded from data processing (i.e., data from 1 − 22 min 
were used). By default, the software considers a group of isotopic and 
adduct features coming from the same metabolite as a “compound”. 
Presumed markers/features were considered the “compounds” that, 
according to the Progenesis QI statistical analysis, had a maximum fold 
range of ≥ 2 and were significant according to ANOVA (P ≤ 0.05), 
considering the clusters derived from sensory description as fixed fac
tors. The pattern of the selected features was visually inspected one by 
one. Therefore, for each feature, significant differences of the area be
tween the two clusters were visually confirmed with Progenesis QI tool. 
Subsequently, a semi-manual integration of visually inspected “putative 
markers” was performed using the TargetedLynx tool of MassLynx 4.1 
software. Finally, in order to filter “putative markers”, Pearson corre
lation coefficients were calculated between sensory scores and semi- 
quantitative data (peak area). 

Feature annotation was performed manually by comparing retention 
time and mass spectra accuracy with a mass tolerance of 5 ppm, based 
on the previous experience of the group with the specific instrumenta
tion mass resolution and in accordance with the four levels of annotation 
described by Sumner et al. (2007). Those levels correspond to: (1) 
identified compounds; (2) putatively annotated; (3) putatively charac
terised compound classes, and (4) unknown. MS/MS data was also 
registered to support the annotation of selected tentative biomarkers. 

The targeted approach was based on the internal standard data set of 
the laboratory of Food Quality and Nutrition Department at Fondazione 
Edmund Mach (FEM) (chromatographic and spectral libraries of over 
400 compounds obtained in the same condition of the experiment). With 
this approach it was possible to tentatively identify well-known wine 
metabolites previously annotated using the same protocol and therefore 
under the same conditions of the experiment (i.e., targeted compounds). 
The annotated wine metabolites were integrated using the TargetedLynx 
tools of Waters MassLynx 4.1 software (Milford, MA, U.S.A.). The pa
rameters of the integration were set at chromatogram mass window of 
0.08 Da, retention time window of ± 0.2 min, smoothing iterations of 1, 
and smoothing width of 2. 

2.5.3. PLS regression modelling 
Regression models were calculated to predict sensory variables from 

chemical compounds (i.e., tentative chemical markers and targeted 
compounds) identified following the two approaches indicated above (i. 
e., untargeted and targeted). 

The mathematical prediction model for each one of the sensory at
tributes is given by: 

Y = XB + F 
where, for a sample size n (n = 42), X(42,61) for untargeted and 

X(42,108) for targeted represent the input matrix, Y(42,1) is the output 
matrix for the sensory variable, B(61,1) and B(108,1) are the matrix of 
regression coefficients, and F(42,1) the matrix of residuals (different re
siduals depending on the input targeted or untargeted matrix). The 
model is computed by PLS1 regression. 

Input variables X were standardised to comparable noise levels (i.e., 
z-scores were calculated). Likewise, sensory variables Y were also 
standardised. 

With these considerations, a first PLS model was computed. Models 
were validated using k-fold cross-validation procedure with k = 10. 
Then, those models with validated explained variance greater than 39 % 
were considered (i.e., regression coefficient, r > 0.6). The number of 
factors (i.e., latent variables, LVs) retained for each model accorded with 
the maximal explained predicted variance with the minimal number of 
factors and minimal root means square error for calibration (RMSEC) 
and validation (RMSECV). 

The analyses were carried out with Unscrambler X 10.5.1, Matlab 
R2018a, R 4.0, and XLSTAT (version 2019.3.1.60623). 

3. Results and discussion 

3.1. Sensory characterisation of wines 

Two-way ANOVA calculated with sensory data collected in Sáenz- 
Navajas et al. (2020) yielded eight significantly (P < 0.05) attributes and 
a tendency for other four attributes among the 23 that were evaluated 
(Table A.4 of Appendix A). The eight significant attributes were “bitter”, 
“sweet”, “dry”, “dry on tongue side”, “dry on palate”, “unctuous”, “oily”, 
and “watery”; another four attributes (“sour”, “silky”, “burning” and 
“prickly”) were considered when relaxing the criteria for significance (P 
< 0.1). The PCA calculated with the average scores of these 12 attributes 
yielded four independent and non-correlated sensory dimensions, 
explaining 71 % of the original variance and of significance according to 
the Kaiser criterion (Fig. A.1 of Appendix A). The first PC (31.43 % 
explained variance, Fig. A.1a) was positively contributed by the terms 
“dry on palate” (r = 0.80), “dry” (r = 0.80), and “bitter” (r = 0.57), and 
negatively by “silky” (r = − 0.72) and “unctuous” (r = − 0.66). The 
second PC (18.90 % of explained variance, Fig. A.1a) was positively 
contributed by “oily” (r = 0.70) and negatively by “sour” taste (r = −

0.66). The third dimension (11.26 % explained variance, Fig. A.1b) was 
mainly influenced positively by “sweet” taste (r = 0.79) and negatively 
by “burning” (r = − 0.61). Finally, the fourth PC (8.95 % of explained 
variance, Fig. A.1b) was positively contributed by “dry on tongue” (r =
0.63) and negatively by “prickly” (r = − 0.60). The PCA result confirms 
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the sensory variability in terms of mouthfeel properties of the sample 
set. The first dimension is linked to different levels of dryness, often 
referred to by the global term “astringency”. Besides this commonly 
studied percept, the use of this sensory approach together with the 
relatively high number of wines employed highlights the presence of 
another three dimensions explaining mouthfeel variability and related 
to “oily”, “burning”, and “dry on the tongue”/“prickling” sensations. 
The identification of these four independent mouthfeel dimensions may 
indicate an advantage of the RATA-based methodology compared to 
other sensory approaches that usually lead to high correlations among 
terms (Wang et al., 2021) and that can limit the identification and 
interpretation of other attributes contributing to wine mouthfeel 
variability. 

Having confirmed the mouthfeel variability among the sample set, 
salient sensory differences among the wines in terms of mouthfeel 
perception were identified by HCA calculated on all the PCA di
mensions. The result highlighted the presence of two main clusters of 
wines formed by 23 (Cluster 1) and 19 (Cluster 2) samples (Fig. 2). 
ANOVA results showed 10 significant attributes differing among clusters 
(“sweet” and “burning” were not significantly different). Cluster 1 pre
sented significantly higher scores than Cluster 2 for the terms “dry on 
palate” (F = 37.98; P < 0.001), “dry” (F = 35.06; P < 0.001), “dry on 
tongue” (F = 13.66; P < 0.01), and “bitter” (F = 12.71; P < 0.01), 
whereas Cluster 2 presented higher scores than Cluster 1 for the terms 
“silky” (F = 23.03; P < 0.001), “sour” (F = 20.11; P < 0.01), “watery” (F 
= 17.81; P < 0.01), “unctuous” (F = 8.91; P < 0.01), “oily” (F = 4.71; P 
< 0.05), and “prickly” (F = 4.11; P < 0.05). The clustering of wines into 
two main differentiated groups facilitated the selection of chemical 
features that could be used to understand the mouthfeel differences. 

ANOVA calculated with conventional oenological parameters in 
Table 1 showed that exclusively, total polyphenol index was signifi
cantly (F = 6.90; P < 0.05) higher in Cluster 1 than in Cluster 2. This 
result is well in line with the significant correlation found in red wines 
between TPI and the descriptors “dry” and “dry on palate” (Sáenz- 
Navajas et al., 2020). Besides, the results accorded with the presence of 
varieties rich in polyphenols such as Bobal, Cabernet Sauvignon (4 
samples out of 5), and Merlot (3 out of 4) in Cluster 1, whereas the two 
Pinot Noirs studied appeared in Cluster 2. The remaining varieties in the 
sample set (i.e., Tempranillo Tinto, Syrah, Mencia, Gamay, Bornarda, 
Garnacha Tinta, and Prieto Picudo) showed high variability and were 

distributed in both clusters. 

3.2. Metabolomic analysis by UPLC − QTOF-MS 

Unsupervised analysis revealed 14,280 and 6012 chemical features 
in ESI + and ESI − modes, respectively. PCA undertaken with the area of 
all features separately for ESI + and ESI − modes showed the pool of QC 
samples was projected in the middle of all samples in each case, thereby 
demonstrating the quality of the data (Fig. A.2 of Appendix A). Inde
pendent QC sample injections, performed throughout the analysis of 
sample batches, showed minimal variation and are plotted very close 
together, which confirms the reliability of the untargeted measurements 
undertaken at different times. 

According to one-way ANOVA calculated with the sensory clusters as 
fixed factor, among the total of 20,292 features, significant differences 
were found for 1960 features for ESI+ (14 % of original features) and 
410 for ESI− (6 % of original features). These were therefore considered 
as tentative markers possibly involved in the sensory differences among 
the wines studied. 

The pattern of the selected features (i.e., their correct assignment to 
any of the two sensory groups) was visually inspected and confirmed one 

Fig. 2. HCA dendrogram of the 42 wines derived from the PCA calculated on the significant sensory descriptors scored following rate-k-attribute method. Attributes 
describing clusters refer to significant terms according to ANOVA analysis with cluster as fixed factor. 

Table 1 
Range of occurrence and median values of conventional oenological parameters 
of the 42 wines studied. Significance (P) for one-way ANOVA calculated 
considering the two sensory clusters as fix factor (ns: not significant, P > 0.05).   

Range Median P 

ethanol (%,v/v) 11.8–15.5 13.4  ns 
pH 3.2–3.8 3.6  ns 
volatile acidity 

(g L− 1 of acetic acid) 
0.1–0.9 0.3  ns 

titratable acidity 
(g L− 1 of tartaric acid) 

3.9–6.5 5.2  ns 

reducing sugars 
(g L− 1) 

1.1–4.8 2.2  ns 

malic acid 
(g L− 1) 

0.0–0.6 0.0  ns 

lactic acid 
(g L− 1) 

0.3–1.9 0.9  ns 

total polyphenol index 
(TPI) (au) 

19–111 56  <0.05  

S. Ferrero-del-Teso et al.                                                                                                                                                                                                                      



Food Chemistry 437 (2024) 137726

6

by one. Finally, Pearson correlation coefficients between sensory and 
semi-quantitative data were calculated to filter “putative markers”. 
Accordingly, the final list of markers potentially involved in the taste 
and mouthfeel differences observed among wines was constituted by 36 
tentative features from ESI + mode (Table A.5 of Appendix A) and 25 
from ESI − mode (Table A.6 of Appendix A). Annotation was achieved 
for 26 in ESI + mode and 24 in ESI− , of which 19 were putatively an
notated (i.e., second level annotation as defined in section 2.5.2) and 31 
were putatively characterised (i.e., third level annotation). 

Among the 61 features, 11 (18 %) belonged to the list of 108 com
pounds analysed by targeted analysis (Table A.3 of Appendix A). They 
include four pigment-related compounds (three pyranoanthocyanins 
and one malvidin-3-O-glucosyde-ethyl-flavan-3-ol derivative), three 
flavan-3-ol derivatives (epicatechin gallate, one dimeric and one 
trimeric procyanidin), three sulfonated flavan-3-ol derivatives (epi
catechin-, epigallocatechin-, and a dimeric procyanidin type B sulfo
nate), and pantheteine sulfonate. 

3.3. Relationship between chemical and sensory data 

Using the peak area of compounds assigned from targeted (Table A.3 
of Appendix A) and untargeted (Tables A.5 and A.6 Appendix A) ana
lyses, five sensory variables out of 12 could be predicted by PLS 
regression (Table 2). This comprised three fully validated PLS models 
predicting sensory properties (“sour”, “prickly”, “dry”) from targeted 
metabolites and another two (“oily”, “unctuous”) along with “dry” from 
untargeted chemical variables. This result confirms that untargeted 
approaches enrich targeted data by broadening the number of predicted 
dimensions, thereby confirming the hypothesis of the study. 

These modelled sensory terms contributed to three out of the four 
significant independent and non-correlated sensory dimensions identi
fied in Section 3.1. That is, the first dimension, mainly contributed by 
the terms “dry” (positively) and “unctuous” (negatively), the second 
dimension by “oily” (positively) and “sour” (negatively), and the fourth 
by “prickly” could be modelled. Differently, any of the terms defining 
the third dimension (mainly contributed by “sweet” and “burning”) 
could not be suitably predicted, but sweetness of unoaked dry red wines 
is likely to be related to grape-derived compounds such as astilbins or 
epi-dihydrophaseic acid-3’-O-β-glucopyranoside (Cretin et al., 2019; 
Fayad et al., 2021). Regarding the “burning” sensation, it was not 
correlated to the level of ethanol but could be linked to the concerted 
effect of certain volatile compounds with reported chemesthesic prop
erties, such as aldehydes and isoamyl alcohol (Arias-Pérez et al., 2021). 

3.3.1. PLS models from targeted analysis 
Of the 108 chemical features analysed, 76 contributed to the con

struction of the predictive models (Table 3). The explained variances 
from model calibration were 69 %–88 % (Table 2), corresponding to 

correlation coefficients between 0.83 and 0.94. Validated models 
explained at least 53 % of original variance (R2) by cross-validation, 
which corresponds to high correlation coefficients (r) ranging from 
0.73 to 0.81 (average = 0.76). 

Regarding the “sour” attribute, which should correlate well with 
titratable acidity in red wines, there was a significant positive rela
tionship (F = 6.320; P = 0.016), but only a modest correlation coeffi
cient (r = 0.37). Instead, the perception of “sour” taste could be related 
to individual chemical compounds. The obtained model included 47 
significant variables, having relatively low weighted regression co
efficients that were mostly negative, including compounds related to 
drying such as most of the acids measured, flavan-3-ols, flavonols, and 
the bitter-like amino acid valine showing the largest negative coefficient 
in the model (− 0.20). The exception among acids was indole-3-lactic 
acid hexoside sulfonate, which contributed to the model among the 
compounds with the highest positive coefficients (0.11) together with 
two sulfonated flavan-3-ols (epicatechin sulfonate, 0.11, and epi
gallocatechin sulfonate, 0.13), which were previously reported in wine 
(Arapitsas et al., 2016). However, the direct sensory relevance of such 
sulfonates has not been determined so far. Other compounds with pos
itive regression coefficients were six anthocyanins and anthocyanin- 
derived pigments, gluthatione S-sulfonate, and the bitter-like tyrosine 
(Delompré et al., 2019; Yu et al., 2022) (Table 3). Considering that at 
least some are reported to be astringent and bitter, the relevance of these 
compounds to sour taste would appear to be indirect. This is supported 
by the negative and highly significant correlation between “sour” and 
the attributes “dry” (r = − 0.56; F = 18.58; P < 0.001) and “bitter” (r =
− 0.55; F = 17.59; P < 0.001). This could be attributable to the ability of 
both sensations to modulate sour taste as a result of cognitive in
teractions related to attentional deviation. That is, the attention given to 
a specific attribute such as “sour” can present difficulties when other 
sensory properties are present at considerably higher perceived intensity 
(de-la-Fuente-Blanco et al., 2017). This is the case for “dry”, that has a 
median intensity score of 2.2 (calculated from the 42 wines), which is 
36 % higher than the median value for “sour” (median intensity score of 
1.4). 

Concerning the “prickly” attribute, it could be naïvely associated to 
higher total acidity (r = − 0.17; F = 1.169; P > 0.1) and/or ethanol 
content (r = − 0.17; F = 1.311, P > 0.1), but no significant correlations 
were observed. In contrast, a significant positive correlation was found 
for volatile acidity (r = 0.57; F = 16.69; P < 0.001). Besides this simple 
correlation, a validated PLS regression model was built with 23 out of 
the 108 compounds that were considered (Table 3). Phenolic com
pounds including ethyl coumarate (weighted regression coefficient =
0.16), malvidin-3-O-glucoside-vinylcatechol (0.16), epicatechin-malvi
din-3-O-glucoside (0.15), coumaric acid (0.11), vanillic acid (0.11), and 
kaempferol-3-O-galactoside (0.11) mainly contributed positively to 
“prickly” sensation, as did most flavonols, cinnamic acid, ethyl caf
feoate, and malvidin-3-O-glucoside-4-vinylphenol although to a lower 
extent. The direct role of vanillic and hydroxycinnamic acids on puck
ering mouthfeel and of caffeic and coumaric acid ethyl esters on 
astringent perception has previously been shown by sensory-directed 
experiments with red wines (Hufnagel & Hofmann, 2008; Sherman 
et al., 2020), which supports their capacity of modulating mouthfeel 
perception and thus helping to confirm the validity of the approach. 
Protocatechuic acid and its ethyl ester were reported to be involved in 
modulating wine mouthfeel in those studies, as observed in the present 
work with models showing a negative contribution of these compounds 
(weighted regression coefficients of − 0.15, and − 0.10, respectively) to 
the “prickly” sensation. Worthy of remark is the different effect caused 
by a variety of amino acids such as proline (− 0.09), contributing 
negatively to the “prickly” model, and phenylalanine (0.09) and leucine 
(0.09) showing positive weighted regression coefficients. The role of 
proline on wine mouthfeel has been already reported in red wine 
models, where a masking effect was observed on astringency perception 
(Espinase Nandorfy et al., 2022). In contrast, phenylalanine and leucine 

Table 2 
Variables modelled by PLS regression, showing % of explained variance by cross- 
validation (Val), the number of latent variables (LV) included in each model, % 
of explained variance from calibration (Cal), and the root mean square error 
(RMSE) for cross-validation (RMSECV) and calibration (RMSEC).  

variable % explained variance Val (LV) [Cal] RMSECV [RMSEC]a 

Targeted approach 
sour 53 % (3) [74 %] 0.70 [0.54] 
prickly 54 % (2) [69 %] 0.71 [0.54] 
dry 66 % (4) [88 %] 0.58 [0.34] 
Untargeted approach 
unctuous 55 % (4) [76 %] 0.68 [0.48] 
oily 39 % (2) [60 %] 0.70 [0.60] 
dry 74 % (3) [87 %] 0.48 [0.34]  

a RMSE is given in z-units for a normal distribution. Given that 99.7 % of 
normal values are between z = − 3 and z = 3, an RMSE of 0.6 represents around 
10 % of the range. 

S. Ferrero-del-Teso et al.                                                                                                                                                                                                                      



Food Chemistry 437 (2024) 137726

7

are reported to impart bitterness (Hufnagel & Hofmann, 2008), with 
their contribution to wine mouthfeel perception being unknown. 

A validated PLS model was also obtained for “dry” from the targeted 
analytical method. It included four LVs and explained 88 % of the 
original variance by calibration, which corresponds to the highest 

correlation coefficient (r = 0.9; RMSEC = 0.34) observed among the 
three models derived from targeted analysis. The explained variance by 
cross-validation reached 66 % (correlation coefficient of 0.8) with a 
RMSECV of 0.58 (Table 2). The model was positively contributed by four 
flavan-3-ols, two flavonols, four acids and one of their corresponding 

Table 3 
Heatmap with weighted regression coefficients of variables included in the validated PLS models predicting “sour”, “prickly” and “dry” from targeted chemical 
variables. Colour legend as follows:  

(continued on next page) 
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ethyl esters, one amino acid, and four anthocyanin-derived pigments. 
The highest weighted regression coefficients (Table 3) correspond to 
valine (0.23), carboxypyranopeonidin-3-O-glucoside (0.23), gallic acid 
(0.22), ethyl gallate (0.22), myricetin-3-O-glucuronide (0.18), caffeic 
acid (0.14), peonidin-3-O-glucoside (0.13), shikimic acid (0.12), car
boxypyranopetunidin-3-O-glucoside (0.11), and a trimer of procyanidin 
B (0.10). The role played by flavan-3-ols, flavonols, caffeic acid, gallic 
acid, and ethyl gallate is well in accordance with previous sensory- 
directed experiments (Hufnagel & Hofmann, 2008), supporting the 
astringent-related character of these compounds. Regarding the contri
bution of peonidin and petunidin derivatives, it seems improbable that 
they are major drivers of drying, given their low concentrations in wine 
in comparison with other anthocyanin-derivatives. This may relate to an 
additive effect or them acting as markers of other chemical variables, but 
their true sensory role should be further confirmed. Concerning the 
amino acid valine, its involvement in the modulation of bitterness has 
been suggested (Delompré et al., 2019; Hufnagel & Hofmann, 2008). As 
with other components, its implication in wine drying sensations has not 
been reported and thus the sensory role of valine requires confirmation, 
such as via addition experiments. 

Regarding the features negatively influencing the “dry” term, it is 
important to remark about the two sulfonated phenolic derivatives 
(procyanidin type B sulfonate and epicatechin 4-sulfonate), which pre
sent the largest negative regression coefficients in the targeted model 
(− 0.14) (Table 3). The role of flavan-3-ol-sulfonate derivatives has been 
suggested to relate to a decline of astringency (i.e., drying in the present 
case) through the alteration of wine tannin profile (Ma et al., 2018), but 
their actual contribution to mouthfeel is unknown. Tartaric acid also 

appears to have an important negative influence on the model (− 0.13), 
which could be attributed to a masking effect of sour taste elicited by 
this acid over dryness, as explained above. Also noteworthy are the 
negative weighted regression coefficients of major hydroxycinnamic 
acids (coutaric, ferulic and fertaric) and ethyl protocatechuate, which 
contrasts with previous work reporting a positive contribution of these 
compounds to the perception of astringency and puckering astringency 
of red wines (Hufnagel & Hofmann, 2008). Although publications 
confirm the contribution – either positive or negative – of these com
pounds to wine mouthfeel, the apparently conflicting results could be 
related to differences in the sensory protocol and thus in the sensory 
dimensions measured in the different works. On the other hand, the 
negative weighted regression coefficients of five out of the seven fla
vonols significantly contributing to the model for “dry” in the present 
work is potentially more in line with the velvety astringency attributed 
to this family of compounds (Hufnagel & Hofmann, 2008). 

3.3.2. PLS models from untargeted analysis 
The predictive model obtained for the “dry” attribute was higher 

than the model with targeted compounds using 3 LVs that explained 87 
% of the original variance by calibration with an RMSEC of 0.34 (cor
relation coefficient of 0.9). The explained variance by cross-validation 
reached 74 %, corresponding to a correlation coefficient of 0.86, with 
RMSECV of 0.48. Among the 61 features considered, 30 were contrib
utors to the model’s predictive ability for drying. A relative low number 
of variables (8 out of 30) contributed negatively to the model, with most 
having positive regression coefficients (Table 4). One trimer of procya
nidin type B (0.23), the tripeptide Leu-Leu-Tyr (0.20), four anthocyanins 

Table 3 (continued ) 
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(regression coefficients ≥ 0.17) and one unknown compound (0.17; rt =
7.658; m/z (ESI − ) = 743.1299) showed the highest positive weighted 
regression coefficients. The sensory role of both procyandins and an
thocyanins to drying is supported by the literature (Ferrero-del-Teso 
et al., 2020; Hufnagel & Hofmann, 2008). This accorded with previous 
reports indicating that anthocyanins (likely containing other phenolic 
compounds) play a role in diverse mouthfeel properties such as “full
ness” or traits including “dry”, “roughness”, and “chalky” (Vidal et al., 
2004a), 2004b). 

Notably, the involvement of peptides and proteins in tactile and 
astringent properties of aqueous solutions has been demonstrated 
(Solms, 1969). It has also been suggested that proteins are able to 
modulate astringent perception in red wine via interactions with poly
phenols and polysaccharides to form ternary complexes (Le Bourvellec 
& Renard, 2012; Marassi et al., 2021), although their direct contribution 
to wine mouthfeel is still unknown. Regarding the compounds nega
tively contributing to the model, the moderating role of flavonols, 
hydroxycinnamic acids and malvidin-ethyl-flavan-3-ol derivatives on 
dryness is well in line the results derived from the model obtained from 
the targeted analysis. Despite the sensory role of anthocyanins, antho
cyanin derivatives, and hydroxycinnamic acids in taste and mouthfeel 
perception of red wines being confirmed, the contribution to mouthfeel 
qualities of different chemical structures remains unknown. 

Furthermore, the amino acid aminophenylalanine presents a discrete 

negative weighted regression coefficient (− 0.06), suggesting a masking 
effect on “dry” akin to proline in the targeted model. 

Along with “dry”, another two sensory variables, “oily” and “unc
tuous”, could be satisfactorily predicted from the untargeted approach 
(Table 4). Notably, “unctuous”, which contributes negatively to PC1 
(Fig. A.1a), presented a significant negative correlation with “dry” (r =
− 0.42; F = 8.474; P < 0.01). This means that both terms belong to the 
same sensory dimension (i.e., when “dry” is high, “unctuous” is low and 
vice versa). A considerable number of features (28 out of 61, 46 %) 
presented relatively high weighted regression coefficients, indicating 
the effect that the studied chemical composition had on the “unctuous” 
attribute. Fourteen variables positively contributed to the model. 
Among them, one hydroxycinnamic acid derivative (regression coeffi
cient = 0.36), two putatively characterised malvidin derivatives (0.31 
and 0.26), one flavonol (0.25), and the sugar derivative ethyl glucuro
nide (0.17) presented the highest positive contributions to the model. 
Variables with the highest negative weighted regression coefficients in 
the “unctuous” model included anthocyanin-derivative compounds, 
flavan-3-ols, and one hydroxycinnamic acid, well in line with their 
positive contribution to the “dry” model (i.e., the opposite of 
“unctuous”). 

The PLS model obtained for “oily” included 2 LVs and explained 39 
% of the original variance by cross-validation (r = 0.62) with a RMSECV 
of 0.70. Fifteen out of the 61 considered chemical variables contributed 

Table 4 
Heatmap with weighted regression coefficients of variables included in validated PLS-model predicting “unctuous”, “oily” and “dry” mouthfeel from untargeted UPLC- 
QTOF-MS analysis using ESI+ (pos) and ESI− (neg) ionisation modes. Colour legend as follows:  
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to the “oily” model (Table 4), with most showing negative weighted 
regression coefficients. They include one anthocyanin-ethyl-flavan-3-ol, 
which had the greatest negative coefficient (− 0.31), three anthocyanin 
derivatives (ranging from − 0.10 to − 0.14), one procyanidin (− 0.10), 
and epigallocatechin-4-sulfonate (− 0.09), as well as tripeptide Leu-Leu- 
Tyr (0.17) and three unknowns with m/z = 743.1299 (ESI − ) (− 0.13), 
m/z = 563.0933 (ESI + ) (− 0.05), and m/z = 299.0556 (ESI + ) (− 0.08). 
Among these, all except for epigallocatechin-4-sulfonate contributed 
positively to the “dry” model. In contrast, flavan-3-ol derivatives 
including an (epi)catechin gallate fragment (0.25), and a trimer of pro
cyanidin type B (0.09), a flavonol (kaempferol 3-glucoside derivative, 
0.19) and a sugar derivative (N-acetyl-glucosamine phosphate, 0.17) 
contributed positively to the “oily” model. The positive contribution of 
the flavan-3-ol fragments to the perception of “oily” cannot be explained 
without knowing the original molecule. Whereas the contribution of 
flavonols to wine mouthfeel and of sugars to sweet taste is known 
(Hufnagel & Hofmann, 2008), their role in “oily” perception remains 
unclear. 

4. Conclusions 

This study implemented a sensometabolomic strategy for charac
terising taste and mouthfeel properties of wine by combining multi
variate data analysis of untargeted and targeted analytical outputs with 
sensory results obtained from a verbal sensory task (i.e., rate-k-attri
bute). A range of wine metabolites including polyphenols, pigments, 
acids, sulfonate, amino acids, and small peptides were related to diverse 
mouthfeel descriptors. The outcomes have demonstrated this to be a 
promising strategy for elucidating the chemical basis of taste and 
mouthfeel in wines by considering more than the usual metrics associ
ated with tannin. 

It is notable that only five out of the 12 significant sensory variables 
could be modelled, which related to three out of the four independent 
and non-correlated sensory dimensions identified by PCA in this work. It 
is therefore acknowledged that the chosen targeted and untargeted LC- 
MS approaches may still have limitations and that the continued 
development of analytical tools could be a key factor to more fully un
derstand the taste and mouthfeel properties attributable to sensory- 
active compounds such as polysaccharides, peptides or proteins. Ulti
mately, developing methods to obtain information related to the struc
ture of other macromolecules aside from polyphenols seems 
fundamental to fully understanding wine mouthfeel, but it remains a 
major challenge. 

Overall, the results lay the foundation for testing of alternative hy
potheses related to the taste and mouthfeel activity of different com
pounds in red wine. Investigation of orosensory properties and 
reconstitution studies are required to confirm the sensory role of the 
putative compounds, the relevance of their concentrations, and their 
chemical structures in the perception of red wine mouthfeel and taste. 
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