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A B S T R A C T

Grappa is a traditional Italian grape marc spirit protected by geographical indication. Monovarietal Grappa, from 
a single grape variety, exhibits distinctive compositional and sensory characteristics linked to the selected raw 
materials, including denominations such as Grappa di Barolo. Rapid screening methods are essential for product 
authentication. This study analyzed the volatile fingerprints of 45 Grappa samples from four grape varieties 
(Muscat, Prosecco, Barolo, Brunello) using Flash GC. Multivariate linear (PCA and PLS-DA) and non-linear (C- 
SVM) techniques were applied to different data representations including full chromatographic profiles, selected 
chromatographic regions and peak-area data to determine which representation offered the highest discriminant 
power. Comparable classification results were obtained using both PLS-DA and SVM models, reporting overall 
accuracy ranging from 77.8 to 84.1% in cross-validation. Tentative identification of discriminating compounds 
was also performed. The results suggest the potential of Flash GC and chemometrics as a rapid screening tool to 
discriminate monovarietal Grappa.

1. Introduction

The Geographical Indication (GI) Grappa is a traditional Italian spirit 
with deep cultural and historical roots, widely recognized both nation
ally and internationally for its unique production process, strong terri
torial identity, and significance in Italian gastronomy and heritage. It is 
obtained from the distillation of grape pomace, a by-product of vinifi
cation, derived from grapes grown and vinified in Italy, with all distil
lation and processing carried out within the national territory, as 
established by its official product specification (Ministero delle politiche 
agricole, alimentari e forestali, 2016; The European Parliament and the 
Council of the European Union, 2019).

The Grappa aroma profile typically reflects a complex interplay of 
hundreds of volatile compounds generated throughout the various 
stages of its production process. Beyond the key role of fermentation- 
derived aroma compounds, such as higher alcohols, volatile esters, 
acids, and aldehydes, the distinctive aroma of the distillate is also 
influenced by varietal compounds originally present in the grapes 
(Diéguez et al., 2003; Lukić et al., 2010). When all stages of production 
are carefully managed, these grape-derived aromatic compounds can be 

effectively carried over into the final distillate, contributing to the spe
cific sensory profile associated with the grape variety used (Battistutta 
et al., 1995; Lukić et al., 2010). This aspect is particularly relevant in 
the case of monovarietal Grappa, where the expression of varietal aroma 
is essential to define the product identity. One notable example is Grappa 
di Barolo, which carries GI status and is obtained exclusively from cv 
Nebbiolo pomace used to produce Barolo wine. The growing interest in 
such products is driven by their potential to reflect the distinctive sen
sory characteristics of the grape variety and terroir. Consequently, 
verifying the authenticity of monovarietal Grappa has become increas
ingly important, not only for regulatory compliance and quality assur
ance, but also to safeguard market value and consumer confidence. 
Despite this growing interest, studies on Grappa authentication are very 
limited. Most have focused on its differentiation from other distilled 
spirits (Arduini et al., 2021; Giannetti et al., 2019), while the aromatic 
composition of monovarietal Grappa has received comparatively little 
attention. Some studies have been performed to differentiate Grappa 
samples obtained from various grape varieties. Examples include 
Cabernet Sauvignon, Ribolla, Picolit, Verduzzo, Sauvignon, Zibibbo di 
Pantelleria, Traminer, and Refosco (Di Stefano & Borsa, 2006), Müller 
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Thurgau, Yellow Muscat, Gewürztraminer, and Rose Muscat (Versini 
et al., 1994) or Nebbiolo, Barbera, and Muscat (Borsa et al., 2008), 
based on their varietal aroma composition. However, these studies were 
mostly carried out using analytical methods such as gas chromatogra
phy–mass spectrometry (GC–MS), which, although highly accurate and 
widely used, present a major limitation due to their time-consuming 
nature, particularly when dealing with large numbers of samples or 
requiring rapid screening (Arduini & Chinnici, 2024). In this context, 
there is a growing demand for faster and high-throughput analytical 
techniques that can provide reliable results in shorter timeframes (Chen 
et al., 2025). To date, no studies have reported the use of rapid analytical 
techniques for the varietal discrimination of Grappa or, more generally, 
grape marc distillates.

In the food sector, a significant amount of research has been pub
lished on the application of Flash GC combined with chemometrics for 
the rapid authentication of various parameters, including geographical 
origin (Cheng et al., 2013; Melucci et al., 2016; Yu et al., 2022), 
botanical origin (Gan et al., 2016; Wu et al., 2022) and quality grade 
(Barbieri et al., 2020) in different food matrices. Regarding the spirits 
sector, studies applying Flash GC remain very limited, and have focused 
on cocoa liquors, plum distillates, and grain distillates, mainly 
addressing classification parameters such as geographical provenance or 
botanical origin (Rottiers et al., 2019; ́Sliwińska et al., 2016; Wísniewska 
et al., 2016). To the best of our knowledge, this technique has not yet 
been applied to Grappa or, more generally, to grape marc distillates, nor 
has it been used to investigate differences at the grape cultivar level in 
these highly processed matrices. This is particularly relevant considering 
that the extent to which varietal signatures persist after distillation re
mains poorly understood.

One of the main advantages of this technique is its rapid analysis 
time (approximately 200 s) combined with minimal sample preparation. 
Furthermore, developed classification models can be easily transferred 
across laboratories and industries (Barbieri et al., 2020). Nevertheless, 
some limitations of Flash GC should be considered when comparing it 
with conventional GC–MS. In particular, it provides lower chromato
graphic resolution, which may limit the separation of co-eluting analy
tes, and compound identification is generally tentative (Level 3), as it 
only relies on retention indices and database matching, without mass 
spectral confirmation.

Based on the above considerations, this study aims to evaluate the 
effectiveness of Flash GC combined with chemometric analysis as a rapid 
screening tool for differentiating monovarietal Grappa produced in four 
renowned Italian geographical indications, Barolo (cv. Nebbiolo), Bru
nello (cv. Sangiovese), Muscat, and Prosecco (cv. Glera). A non-targeted 
fingerprinting approach was employed, in which the chromatographic 
signal was treated as a multivariate dataset for the classification of 
monovarietal Grappa samples according to their varietal origin. Prin
cipal Component Analysis (PCA) was applied for exploratory data 
analysis and pattern recognition, while Partial Least Squares Discrimi
nant Analysis (PLS-DA) and Support Vector Machine (SVM) were used 
for linear and non-linear classification. To evaluate the impact of 
different data representations on discrimination performance, classifi
cation models were developed using either full chromatograms or peak- 
area data. Moreover, PLS-DA was applied to selected chromatographic 
regions identified based on variable importance in projection (VIP) 
scores. Tentative identification of the key discriminating volatile com
pounds was also carried out, based on experimental linear retention 
indices and comparison with relevant databases and literature.

2. Materials and methods

2.1. Grappa samples

A total of 45 monovarietal Grappa samples were analyzed, 
comprising four types from the main production regions: 13 Muscat 
samples (Piemonte, Veneto, Toscana and Trentino-Alto Adige); 11 

Prosecco samples (Veneto, Trentino-Alto Adige and Friuli Venezia Giu
lia); 11 Barolo samples (Piemonte and Lombardia); and 10 Brunello 
samples (Toscana). All samples were unaged, produced in 2024, and 
sourced from multiple distilleries to reflect variability encountered in 
real-world production. Thirty-three samples were provided directly by 
the producers through the National Association of Industrial Distillers of 
Alcohol and Spirits (AssoDistil, Rome, Italy). Distillates were stored in 
stainless steel tanks and sampled at the production site prior to delivery. 
Eight additional samples were supplied by the producing distilleries 
upon request, and four were purchased from store shelves based on 
commercial availability. All bottles were original, unopened, and 
labelled as certified monovarietal Grappa at the time of acquisition.

Upon receipt, bottles were stored under controlled laboratory con
ditions (dark environment, 18–20 ◦C) until analysis.

2.2. Sample preparation and analysis

Sample preparation was performed immediately after bottle open
ing. One millilitre of each Grappa sample was transferred directly into a 
vial and diluted to a final volume of 3 mL with ultrapure water, without 
any chemical pre-treatment. Two vials per sample were prepared to 
allow duplicate analysis. Each vial was sealed with a magnetic airtight 
cap and placed in the instrument's sample holder for analysis.

Chromatographic analysis was carried out using a Heracles II Flash 
Gas Chromatograph (Alpha MOS, Toulouse, France), an integrated sys
tem combining an automatic headspace sampler, a dual-column gas 
chromatographic module, and a thermal desorption unit. The instru
ment is equipped with two columns connected in parallel: a non-polar 
MXT-5 column and a slightly polar MXT-1701 column (both 10 m ×
0.18 mm ID). Each column is coupled to an independent flame ioniza
tion detector (FID), enabling simultaneous detection of eluted com
pounds. Prior to injection, sample vials were incubated at 40 ◦C for 20 
min under agitation (500 rpm) to promote the accumulation of volatile 
compounds in the headspace. A 5 mL headspace aliquot was then 
adsorbed onto an internal Carbowax trap at 40 ◦C for 60 s. The trap was 
subsequently heated to 240 ◦C for 93 s to thermally desorb the volatiles 
and inject them into the chromatographic columns. Hydrogen was used 
as the carrier gas throughout the analysis.

The oven temperature program was as follows: an initial temperature 
of 40 ◦C held for 2 s, ramped to 80 ◦C at 1 ◦C/s, then increased to 250 ◦C 
at 3 ◦C/s and held for 101 s, resulting in a total runtime of 200 s.

2.3. Volatile compounds tentative identification

A standard mixture of n-alkanes (C6–C16) was injected under the 
same chromatographic conditions as the samples to calculate the 
experimental Linear Retention Indices (LRI) for each detected peak. 
Tentative identification of volatile compounds was then based on Aro
ChemBase (Heracles software, Alpha M.O⋅S, Toulouse, France), NIST, 
and Flavornet (Arn & Acree, 1998) LRI databases as well as published 
literature.

2.4. Data analysis

Preliminary tests showed that chromatograms obtained from the 
MXT-5 column exhibited a higher discriminant power than those ob
tained from the MXT-1701 column. Therefore, all subsequent classifi
cation models were developed using data from the MXT-5 column only.

A non-targeted chemometric approach was adopted, in which clas
sification models were developed using either the full chromatograms, 
selected chromatographic sections, or peak area data. The use of full 
chromatograms offers several advantages, as it minimizes errors asso
ciated with peak integration and avoids the risk of discarding potentially 
relevant information when pre-selection is applied (Melucci et al., 
2016). However, models were also built using integrated peak areas to 
assess whether this approach could improve the discrimination 
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performance.
Before chemometric analysis, the chromatograms were aligned using 

the Correlation Optimized Warping (COW) algorithm (Tomasi et al., 
2004) and pre-processed using Pareto-scaling. Pareto-scaling was 
preferred over standard auto-scaling because it provides a balance be
tween emphasizing all variables and preventing excessive amplification 
of minor noisy signals, which could otherwise obscure relevant infor
mation (Aliakbarzadeh et al., 2016). In addition, this pre-processing 
method preserves the overall chromatographic profile (van den Berg 
et al., 2006). In Pareto-scaling, the square root of the standard devia
tion is used as a scaling factor, according to the following equation: 

x̃ij =
xij − xi

̅̅̅̅̅̅̅
SDi

√ (1) 

where xij and x̃ij represent the raw and scaled data, respectively. The 
mean (xi) and standard deviation (SDi) are calculated as: 

xi =
1
J
∑J

j=1
xij (2) 

SDi =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑J

j=1

(
xij − xi

)2

J − 1

√
√
√
√
√

(3) 

Principal Component Analysis (PCA) was first performed on all 
replicates to identify potential outliers and to visualize the natural 
clustering of samples. Subsequently, two different classification strate
gies were applied to discriminate samples according to monovarietal 
Grappa distillates (Muscat, Prosecco, Barolo, and Brunello): Partial Least 
Squares Discriminant Analysis (PLS-DA), a linear method, and Support 
Vector Machine (SVM), a non-linear approach. In both cases, the anal
ysis was carried out using data averaged across the two replicates.

2.4.1. PLS-DA
PLS-DA was then applied on averaged data to differentiate mono

varietal Grappa distillates (Muscat, Prosecco, Barolo, and Brunello). 
Given the limited number of samples (45), PLS-DA model validation was 
carried out using the Venetian blinds cross-validation method (5 seg
ments). To prevent model overfitting, the optimal number of latent 
variables (LVs) was determined by identifying the global minimum of 
the Root Mean Square Error in Cross-Validation (RMSECV). Model 
robustness and statistical significance were further assessed through 
permutation testing, which evaluates whether the obtained model per
forms significantly better than models built under identical conditions 
using randomly permuted class labels.

To refine the PLS-DA models developed from the full chromato
grams, a variable selection procedure was applied using the Variable 
Importance in Projection (VIP) criterion. In multivariate modeling, a 
large proportion of the variables may carry little relevant information 
for class discrimination, often representing background noise or 
redundant chromatographic regions. Eliminating such variables can 
simplify the model structure without compromising, and in some cases 
even enhancing, its predictive performance.

Selecting the most influential variables helps improve both model 
accuracy and interpretability, by focusing on the subset of predictors 
that contribute most significantly to the model response (Farrés et al., 
2015). Among the various strategies for variable reduction, the VIP- 
based approach is particularly suitable for PLS-DA, as it quantifies the 
overall contribution of each predictor to the model. VIP scores are 
computed as a weighted sum of squares of the PLS weights, adjusted for 
the amount of Y-variance explained by each latent variable.

The VIP score for variable j is given by: 

VIPj =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑F
f=1w2

jf • SSYf • J
SSYtot • F

√

(4) 

where wjf is the weight of the j-th variable in the f-th component, SSYf is 
the portion of Y-variance explained by component f, Jis the number of X- 
variables, SSYtotis the total Y-variance explained, and Fis the number of 
latent components. Variables with VIP values greater than 1 were 
considered relevant for class discrimination. Based on this criterion, 
refined PLS-DA models were reconstructed using only the selected 
variables.

The data analyses were conducted using PLS Toolbox for 
Matlab2023a®.

2.4.2. SVM
Support Vector Machine (SVM) was applied as a non-linear classifi

cation approach to discriminate among monovarietal Grappa distillates 
(Muscat, Prosecco, Barolo, and Brunello). To ensure consistency with 
the PLS-DA modeling strategy, SVM models were developed using data 
averaged across replicates and validated using a 5-fold cross-validation 
procedure.

A C-Support Vector Classification (C-SVC) framework was adopted, 
with the box constraint parameter (C) set to 1. Preliminary tests were 
carried out using different values of the box constraint parameter. 
Although a slightly higher classification accuracy was obtained with C 
= 10, the improvement corresponded to only one additional correctly 
classified sample compared to C = 1. Therefore, C = 1 was retained as a 
more conservative choice to reduce model complexity and limit the risk 
of overfitting. Classification was performed using a one-vs-one scheme, 
in which binary classifiers were constructed for all pairwise class com
binations. Two polynomial kernel functions were evaluated, quadratic 
and cubic kernels, to account for potential non-linear relationships in 
the data.

Prior to modeling, peak area data were standardized to ensure that 
all variables contributed equally to the model, preventing variables with 
larger magnitudes from dominating the classification process.

SVM models were implemented using the Classification Learner app 
in MATLAB (R2023a®), with kernel scale set to automatic. In this 
setting, the kernel scale is determined using a heuristic procedure based 
on subsampling; therefore, a fixed random number seed was set to 
ensure reproducibility of the results.

3. Results and discussion

All chromatograms, grouped according to the monovarietal Grappa 
distillates (Barol = BA, Brunello = BR, Muscat = MU, and Prosecco =
PR), are presented in Fig. S1 (Supplementary material). The main peaks 
are located in the initial section of the chromatogram, with retention 
times between 18 and 130 s. As expected, the volatile profiles of the four 
Grappa types differ markedly in both overall shape and number of peaks. 
Clear variations are also evident in peak intensities, confirming the 
discriminating capability of the volatile profile with respect to the 
monovarietal origin. Based on the chromatographic data, the areas 
corresponding to peaks shared among all Grappa samples were extracted 
and used for subsequent chemometric evaluation.

3.1. PCA exploratory analysis

PCA was first performed on the full chromatographic data (retention 
time between 18 and 130 s) to identify possible outliers and to visualize 
the natural clustering among samples (Pareto scaling pretreatment). The 
analysis was carried out using 11,200 X-variables corresponding to the 
data points of the chromatograms. Fig. 1 shows the score plots for PC1 
vs. PC2 and PC1 vs. PC3, which together account for more than 64% of 
the total variance, indicating a satisfactory level of data representation 
considering the high dimensionality of the dataset. Two samples, along 
with their respective replicates (43–44 and 85–86), are positioned 
outside the 95% confidence limit in the score plots and can therefore be 
considered as outliers. Along the PC1 axis, a clear separation can be 
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observed between BA and BR samples (positive PC1 scores) and MU and 
PR samples (negative PC1 scores). Examination of PC3 further highlights 
a distinction between BA (positive PC3 scores) and BR (negative PC3 
scores), while the other samples are grouped near the y-axis, showing 
scores close to zero. The analysis of the x-loading plots (Fig. 2) indicates 
that the samples located in the first and fourth quadrants (BA and BR, 
showing positive PC1 values) are associated with higher intensities of 
chromatographic peaks around 35, 50, 97, and 110 s compared to MU 
and PR. The differentiation between BR and BA is mainly described by 
PC3: BR samples show higher values for the peak at 50 s, whereas BA 
samples are associated with higher intensities for peaks around 35 and 
70 s.

A similar approach was employed using the data derived from the 
integration of the selected peak areas (22 peaks as a total), with the aim 
of assessing whether this dataset would yield results consistent with 

those obtained from the full chromatograms. PCA was performed after 
applying Pareto scaling and mean-centering as pre-processing methods. 
The resulting score plots for PC1 vs. PC2 and PC1 vs. PC3 are shown in 
Fig. 3, explaining a total variance of 73.8%. The clustering pattern 
observed is comparable to that obtained from the PCA based on the full 
chromatograms, but no distinct outliers are evident in this case. This 
difference likely arises from the complexity of the full chromatogram 
data: the high-dimensional signal may capture subtle variations that 
locate some samples outside the confidence ellipse, identifying them as 
statistical outliers, probably as a consequence of discrete specificities in 
their volatile profile. When, selected peak areas are used to carry out the 
same pre-processing and PCA statistical evaluation, the reduced 
dimensionality and variability may mask these differences, so such 
samples are less likely to be flagged as outliers. Examination of the x- 
loading plots (Fig. 4) was then carried out to identify which peak areas 

Fig. 1. Score plots for PC1 vs. PC2 (A) and PC1 vs. PC3 (B) obtained from PCA performed on the full chromatographic dataset. BA = Barolo; BR = Brunello; MU =
Muscat; PR = Prosecco.

Fig. 2. X-loading plots obtained from PCA performed on the full chromatographic dataset.
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contributed most to the observed discrimination among the samples. 
The plot indicates that the areas most influential in the discrimination 
between BA and BR versus MU and PR along PC1 are associated with 
retention times around 35, 51, 97, and 110 s. The separation between BA 
and BR along PC3 is mainly driven by the areas at approximately 35, 50, 
and 70 s. Overall, these results are in very good agreement with those 
obtained from the PCA of the full chromatograms.

3.2. PLS-DA models

PLS-DA model with four classes were developed using the chro
matographic data (Pareto scaling) obtained from the first GC column, and 
their performance was evaluated through cross-validation.

The optimal number of latent variables (LVs) (8) was determined by 
identifying the global minimum of the RMSECV, as reported in Fig. S2 
(Supplementary material). Sample classification was performed by 
applying the most probable decision rule in which each observation is 
assigned to the class corresponding to the highest probability value 
(Bayes rule) among the four one-vs-rest models. This criterion ensures a 

consistent evaluation of class membership, regardless of the absolute 
magnitude of the predicted responses, and allows the overall classifi
cation performance to be derived from the four individual models. The 
confusion matrix from cross-validation is shown in Fig. 5A. To provide a 
comprehensive assessment of model performance, the statistical metrics 
derived from the confusion matrix are summarized in Table 1. These 
include true positive rate (TPR), false positive rate (FPR), true negative 
rate (TNR), false negative rate (FNR), precision (P), and F1-score (Brown 
et al., 2020). TPR values ranged from 0.73 to 1.00 with PR and BA 
showing the lowest values. The classification results demonstrated 
overall good performance (overall accuracy = 80%), as confirmed by the 
predominance of correct predictions along the diagonal of the confusion 
matrix and the generally high values of recall and F1-score across most 
classes. In particular, the model achieved near-perfect performance for 
one class, indicating well-separated feature representations. However, 
performance was not uniform across all categories. The class PR 
exhibited the weakest performance, as reflected by its lower precision 
(0.62) and F1-score (0.67), as well as a relatively higher false positive 
rate. Moreover, the misclassification pattern was not uniformly 

Fig. 3. Score plots for PC1 vs. PC2 (A) and PC1 vs. PC3 (B) obtained from PCA applied to the dataset derived from the integration of 22 selected peak areas. BA =
Barolo; BR = Brunello; MU = Muscat; PR = Prosecco.

Fig. 4. X-loading plots obtained from PCA performed on the dataset derived from the integration of 22 selected peak areas.
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distributed, but was predominantly concentrated between specific 
classes. In particular, a pronounced confusion was observed between 
MU and PR, as evidenced by their reciprocal misclassification in the 
confusion matrix. This behaviour is consistent with the preliminary PCA 
analysis, which indicated a partial overlap between these two classes in 
the feature space, thus confirming their reduced separability.

Variable selection was then performed using the VIP criterion, and 
new PLS-DA models were subsequently developed based on the reduced 
set of variables. Applying the threshold VIP ≥ 1 (Fig. S3, Supplementary 
material), resulted in the selection of 2951 data points out of the initial 
13,000 chromatographic points thus retaining only the most informative 
regions of the chromatogram for class discrimination. When examining 
the VIP profiles calculated separately for each class PLS-DA (BA, BR, MU 
and PR), the overall shape of the curves appears remarkably similar 
across classes. However, the absolute VIP values differ noticeably, 
indicating that each class is primarily characterized by different chro
matographic peaks. This confirms that, although the informative regions 
occur in comparable retention-time intervals, the variables contributing 
most to class discrimination are not the same for all classes. The per
formance of the PLS-DA models (8 LVs, Fig. S2 of the Supplementary 
material) built on the VIP-selected variables was evaluated following the 
same multi-class decision strategy used for the full chromatogram 

analysis, and the results are summarized in Fig. 5B (confusion matrix) 
and Table 1.

The VIP-based model, while slightly reducing the overall accuracy 
(77.8%), led to class-specific variations. In particular, the BA class 
benefited from variable selection, with an increase in correct classifi
cation (TPR increased from 0.73 to 0.82 and F1 from 0.84 to 0.86), and a 
complete removal of misclassification toward PR, suggesting that vari
able selection could enhance the discriminative power for this category. 
However, this improvement comes at the expense of other classes. The 
most critical behaviour was observed for the PR class, where the recall 
(TPR) decreased (from 0.73 to 0.64) and the false negative rate 
increased, confirming that this class remains the most challenging to 
model. Despite a slight improvement in precision, the overall F1-score 
remained unchanged, indicating that VIP selection does not effectively 
improve its classification.

These results suggest that, while VIP-based variable selection can 
simplify the model and improve class-specific performance (e.g., BA), 
the full chromatographic dataset retains a higher and more stable 
discriminative capability, particularly for classes characterized by subtle 
differences. This behaviour is consistent with the previously observed 
overlap between MU and PR, where reducing the feature space may 
further limit class separability.

Fig. 5. PLS-DA confusion matrices for models based on (A) full chromatograms, (B) VIP-selected variables, and (C) 22 peak areas.

Table 1 
PLS-DA models performance in cross-validation (CV).

TPR FPR TNR FNR Precision F1

Chromatograms 
(8 LVs) BA 0.73 0.00 1.00 0.27 1.00 0.84

​ BR 1.00 0.03 0.97 0.00 0.91 0.95
​ MU 0.77 0.09 0.91 0.23 0.77 0.77
​ PR 0.73 0.15 0.85 0.27 0.62 0.67
​ Overall accuracy 80.0% ​ ​ ​ ​ ​
VIP selection 

(8 LVs) BA 0.82 0.03 0.97 0.18 0.90 0.86
​ BR 0.90 0.06 0.94 0.10 0.82 0.86
​ MU 0.77 0.13 0.88 0.23 0.71 0.74
​ PR 0.64 0.09 0.91 0.36 0.70 0.67
​ Overall accuracy 77.8% ​ ​ ​ ​ ​
22 Areas 

(6 LVs) BA 0.73 0.00 1.00 0.27 1.00 0.84
​ BR 1.00 0.11 0.89 0.00 0.71 0.83
​ MU 0.85 0.09 0.91 0.15 0.79 0.81
​ PR 0.73 0.03 0.97 0.27 0.89 0.80
​ Overall accuracy 82.2% ​ ​ ​ ​ ​

BA = Barolo; BR = Brunello; MU = Muscat; PR = Prosecco. TPR = true positive rate; FPR = false positive rate; TNR = true negative rate; FNR = false negative rate;. LVs 
= Latent Variables.
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Finally, the PLS-DA models (6 LVs, Fig. S2 of the Supplementary 
material) were developed using the 22 selected peak areas, and their 
performance was assessed following the same procedure adopted for the 
chromatogram-based models. The confusion matrix is shown in Fig. 5C, 
while the statistical metrics are reported in Table 1.

The PLS-DA model developed using peak areas (22 variables) 
showed overall comparable performance to the model based on the full 
chromatographic profiles, with a similar accuracy (82.2%). The classi
fication remained well balanced across classes, with improved perfor
mance for the PR class (F1 = 0.80), indicating a better discrimination 
compared to the chromatogram-based model. In contrast to the full 
model, where a reciprocal confusion between MU and PR was observed, 
the peak-based model reduced this overlap, with PR samples mis
classified only as MU. Conversely, MU misclassifications were mainly 
directed toward BR, indicating a shift in class boundaries.

The BR class remained perfectly classified (100%), confirming that 
the reduced representation preserves the key discriminative information 
for this category.

The use of peak area selection may reduce the contribution of highly 
specific chromatographic features associated with certain classes, 
potentially affecting class-specific discrimination. At the same time, it 
may reduce non-discriminative or redundant variability present in the 
full chromatographic profiles, which could contribute to improved class 
separation for some categories.

To further verify the reliability of the PLS-DA models and ensure that 
the observed class separations were not the result of random chance, 
permutation tests were carried out for all models developed in this study 
(full chromatograms, VIP-selected variables, and peak areas). These 
tests evaluate whether the predictive performance of the original model 
is significantly better than that obtained after randomly shuffling the 
class labels (y-block). Three complementary statistical procedures were 
applied: the pairwise Wilcoxon signed-rank test, the pairwise sign test, 
and the randomization t-test. All PLS-DA models produced p-values 
below 0.05 for the three tests (cross-validation), confirming their sta
tistical significance at the 95% confidence level. These results demon
strate that the discriminant structures identified by the models are not 
artifactually generated by random data arrangement but reflect genuine 
and reproducible differences among the monovarietal Grappa samples.

3.3. SVM models

SVM models based on a C-Support Vector Classification (C-SVC) 
approach with a cubic kernel were evaluated, as they provided the best 
performance among the tested configurations. The corresponding per
formance metrics are reported in Table 2, while the confusion matrices 
are shown in Fig. 6. The model based on full chromatographic profiles 
achieved an overall accuracy of 84.1%, with well-balanced performance 
across all classes. In particular, the BR class was perfectly classified (F1 
= 1.00), while BA also showed high classification performance (TPR =
0.90, F1 = 0.90). The MU class exhibited good performance (F1 = 0.80), 
although some misclassification toward PR was observed. The PR class 

remained the most challenging, with lower precision (0.67) and F1- 
score (0.69), mainly due to confusion with MU. When the model was 
built using peak areas (22 variables), a slight reduction in overall ac
curacy was observed (80.0%), while maintaining comparable perfor
mance across classes. BA and PR showed similar F1-scores (0.84 and 
0.80, respectively), whereas BR exhibited a decrease in precision and F1- 
score (0.78). The MU class maintained stable performance (F1 = 0.79).

Regarding the misclassification patterns, the chromatogram-based 
model showed errors mainly involving MU and PR samples, while in 
the peak-based model MU samples were more frequently misclassified as 
BR, and PR samples as MU.

3.4. PLS-DA vs SVM

A comparison between PLS-DA and SVM models highlighted a high 
degree of consistency in both classification performance and misclassi
fication patterns, regardless of the data representation used. In both 
approaches, comparable results were obtained when using either full 
chromatographic profiles or peak area data. When full chromatographic 
data were used, both models showed a misclassification pattern mainly 
involving PR and MU samples, indicating a stable overlap between these 
classes. Conversely, when peak area representation was adopted, the 
misclassification pattern changed similarly in both models, with MU 
samples more frequently misclassified as BR and PR samples as MU.

Notably, several misclassified samples were shared between the two 
models, confirming that classification errors are not model-dependent 
but rather related to intrinsic similarities among samples. This is 
further supported by the PCA results, where these samples are located in 
overlapping regions of the score plots, indicating limited separability in 
the feature space. For example, the BA sample misclassified as PR by all 
models (replicates 21 and 22) was clearly separated from the main BA 
cluster and positioned closer to the PR region, explaining the observed 
classification behaviours. These findings demonstrate that the classifi
cation behaviours are mainly driven by the data representation and 
underlying class overlap, rather than by the choice of the classification 
algorithm.

3.5. Tentative compound identification

To obtain a preliminary evaluation of the compounds present in the 
samples, the main chromatographic peaks were subjected to tentative 
identification. Putative compound assignments are reported in Table 3
and were obtained by comparing LRI with multiple reference sources, 
including AroChemBase, NIST, Flavornet, and relevant literature data. 
According to the Metabolomics Standards Initiative (Sumner et al., 
2007), these assignments are classified as Level 3 (putatively charac
terized compounds), as they are based exclusively on retention behav
iour and database matching, without mass-spectral confirmation.

It is worth noting that a similar level-3 identification strategy has 
already been applied in previous studies using Flash GC, including the 
tentative identification of predominant volatile compounds in cocoa- 

Table 2 
SVM models performance in cross-validation (CV).

TPR FPR TNR FNR Precision F1

Chromatograms BA 0.90 0.03 0.97 0.10 0.91 0.90
​ BR 1.00 0.00 1.00 0.00 1.00 1.00
​ MU 0.77 0.06 0.94 0.23 0.83 0.80
​ PR 0.73 0.12 0.88 0.27 0.67 0.69
​ Overall accuracy 84.1% ​ ​ ​ ​ ​
22 Areas BA 0.73 0.00 1.00 0.27 1.00 0.84
​ BR 0.90 0.11 0.89 0.10 0.69 0.78
​ MU 0.85 0.13 0.87 0.15 0.73 0.79
​ PR 0.73 0.03 0.97 0.27 0.89 0.80
​ Overall accuracy 80.0% ​ ​ ​ ​ ​

BA = Barolo; BR = Brunello; MU = Muscat; PR = Prosecco. TPR = true positive rate; FPR = false positive rate; TNR = true negative rate; FNR = false negative rate.
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based liqueurs (Rottiers et al., 2019) and the characterization of 
discriminating molecules constituting the volatile profile of Italian 
Prosecco wines, associated with geographical origin, viticultural tech
niques, and vinification techniques (Forleo et al., 2020). However, as 
these identifications remain putative (Level 3), confirmation using 
complementary techniques, such as GC–MS, in further studies would be 
necessary to achieve unambiguous compound assignments and 
strengthen the robustness of the results.

Analysis of the PCA x-loading plots (Fig. 4) indicated that BA and BR 
(from red grapes) are characterized by higher intensities of peaks at 
approximately 35, 51, 97, and 110 s compared to MU and PR (from 
white grapes). Those peaks were tentatively identified as n-butanol, 
hexanal, γ-nonalactone, and 4-undecanolide (Table 3). In addition, 
when compared to BA, BR exhibited elevated peaks intensities at around 
35, 50, and 70 s, corresponding to n-butanol, hexanal, and benzalde
hyde. The abundance of these compounds in grape marc distillates may 
indeed be associated to grape variety and the corresponding production 
technology. For example, higher fermentation temperatures typical of 
red pomace can enhance yeast activity and the formation of higher al
cohols (Lukić et al., 2011; Molina et al., 2008) and prolonged skin and 
seed contact during maceration of red grapes can increase the avail
ability of unsaturated fatty acid precursors of C6 aldehydes (Buican 
et al., 2025; Kalua & Boss, 2009; Piombino et al., 2022). In addition, 
the frequent occurrence of malolactic fermentation in red-wine vinifi
cation can enhance lactone formation (Pozo-Bayón et al., 2005; Ugliano 
& Moio, 2005).

While plausible mechanisms can be inferred from previous studies on 
grape pomace and fermentation, these interpretations remain hypo
thetical, as, to the best of our knowledge, no direct comparative studies 
are available either on the differentiation between BA and BR versus PR 
and MU, or specifically between BA and BR distillates.

4. Conclusions

This preliminary study investigated the potential of Flash GC analysis 
of volatile compounds, combined with chemometric techniques, as a 
rapid analytical approach for differentiating monovarietal Grappa dis
tillates. The findings derive from a representative set of monovarietal 
Grappa samples, collected from multiple distilleries across the main 
producing regions, trying to reflect the current market scenario, repre
sented by a limited number of distilleries producing certified GI Grappa. 

Linear and non-linear chemometric methods and different data repre
sentations, including full chromatographic profiles, selected chromato
graphic regions, and selected peak areas, were used to build the 
chemometric models in order to determine which approach provided the 
best performance.

Due to the relatively limited number of available samples, model 
validation was performed using cross-validation to preserve the 
robustness of the calibration.

Comparable classification results were obtained using both PLS-DA 
and SVM models, indicating that the choice of the classification algo
rithm had a limited impact on performance. In contrast, the different 
type of dataset played a more relevant role: full chromatographic pro
files provided a more stable discrimination, while reduced representa
tions (VIP selection and peak areas) led to slight variations in class 
separation and misclassification patterns. In particular, a consistent 
overlap between specific classes (e.g., MU and PR) was observed in the 
full chromatographic data, whereas peak-based representations modi
fied the distribution of classification errors, suggesting changes in class 
boundaries.

Tentative identification of key discriminating compounds further 
highlighted potential links between production technology parameters, 
grape variety, and differences in aroma profiles, particularly between 
distillates from white and red varieties. Confirmation of these com
pounds by complementary techniques, such as GC–MS, is however rec
ommended to ensure their definitive identification.

Overall, this study shows Flash GC as a promising rapid analytical 
screening tool that may contribute to improve authenticity control 
procedures of spirit drinks with composition claims, potentially relevant 
for both industry stakeholders and control authorities.

To confirm its practical applicability, future studies should focus on 
the collection of additional samples to enable external validation of the 
proposed models assessing their predictive performance on truly inde
pendent datasets and better capturing natural and seasonal sample 
variability. Additionally, exploring relationships with sensory tech
niques could provide further technological insights.
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