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INTRODUCTION

New Zealand Sauvignon 
Blanc (NZ SB) accounts 
for 72% of all NZ wine 
production and 86% of 
all NZ wine exportation.

72% 86%

NZ SB features fruity, herbaceous and 
citrusy nuances resembling those of 
grapefruit, passionfruit and grass, 
which are subject to change over time.

The orthogonal hyphenation of GC 
and IMS greatly improves the 
resolving power of GC-IMS in 
complex matrices, such as wines.

The Static Headspace Gas 
Chromatography coupled to Ion 
Mobility Spectrometry (SHS-GC-
IMS) offers a fast and far less 
laborious alternative to traditional 
headspace GC-MS methods.

IN THIS STUDY…

q An optimised SHS-GC-IMS method was 
developed and used to identify common 
volatile compounds in Sauvignon Blanc wine.

q The SHS-GC-IMS method was used as a non-
targeted screening method to indifferently 
capture all peaks from the chromatogram.

q Machine learning models were used to link the 
volatile profile with wine quality gradings.

q Useful information extracted from the 
explanation of machine learning models.

RESULTS
CHROMATOGRAM OF WINE VOLATILES IN SAUVIGNON BLANC WINE

q A total of 65 peaks were captured, 33 of which were identified belonging 
to 23 compounds (see FIGURE 1). 

q Some compounds were identified for the first time in Sauvignon Blanc 
wines, such as methyl acetate, amyl acetate and ethyl formate.

q All peaks, regardless of their identity, were used in the subsequent 
machine learning models for the differentiation of quality gradings.

q Hence, ANN was applied to the 143 wines analysed 
(286 samples) with a 85%/15% training/test split.

q In the fully developed ANN model, the test set 
contained 43 samples, out of which 41 were 
correctly assigned their quality gradings.

FIGURE 1. Chromatograms of two NZ Sauvignon Blanc wines analysed using 
SHS−GC−IMS. The numberings of peaks are as follows: (1) methyl acetate, (1*) ethyl 
formate, (2) ethyl acetate, (3) ethyl propionate (monomer), (4) ethyl propionate (dimer), (5) 
ethyl isobutyrate (monomer), (6) ethyl isobutyrate (dimer), (7) propyl acetate (monomer), 
(8) propyl acetate (dimer), (9) isobutyl acetate (monomer), (10) isobutyl acetate (dimer), 
(11) ethyl butyrate, (12) ethyl 2-methylbutyrate, (13) ethyl isovalerate, (14) isoamyl 
acetate, (15) amyl acetate, (16) ethyl hexanoate, (17) hexyl acetate, (18) (z)-3-hexenyl 
acetate, (19) ethyl octanoate (monomer), (20) ethyl octanoate (dimer), (21) ethyl 
decanoate (not shown), (22) ethanol, (23) 1propanol (monomer), (24) 1-propanol (dimer), 
(25) isobutanol (monomer), (26) isobutanol (dimer), (27) 1-butanol (monomer), (28) 1-
butanol (dimer), (29) isoamyl alcohol (monomer), (30) isoamyl alcohol (dimer), (31) 1-
hexanol (monomer), and (32) 1-hexanol (dimer).

SUMMARY
q SHS-GC-IMS has demonstrated desirable applicability in the 

analysis of wine volatile compounds.

q The integration of SHS-GC-IMS provides an objective, easy-
to-operate approach to different wine quality.

q Insights gained from the machine learning models exhibits 
useful information for process improvement in the future.
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MATERIALS, METHODS AND INSTRUMENT SETUP
WINES

q A total of 143 New Zealand Sauvignon 
Blanc wines were sourced from 
fermentation tanks immediately after the 
fermentation.

q Wines were placed in 3 quality gradings: A, 
B, C (highest to lowest quality), as judged 
by a panel of six experience winemakers at 
the Drylands Winery.

q A grading had 36 samples, B grading had 
74 samples, C grading had 33 samples.

SAMPLE PREPARATION AND INSTRUMENT

q Minimal sample preparation was required: 
simply 5 mL of sample was dispensed into 
the headspace vial.

q All analyses were performed on the SHS-
GC-IMS instrument (model FlavourSpec) 
procured from G.A.S (Gesellschaft für
analytische Sensorsysteme mBH, 
Dortmund, Germany).

q The instrument is fitted with a polar MXT-
WAX column sourced from Restek
(Bellefonte, USA).

DATA HANDLING AND

MACHINE LEARNING

q Raw data were collected and 
processed using the LAV 
software (version 2.2.1 from 
G.A.S).

q The data was processed with 
six machine learning models: 
principal component analysis 
coupled to linear discriminant 
analysis (PCA-LDA), partial 
least squares discriminant 
analysis (PLS-DA), k nearest 
neighbour (kNN), support 
vetor machine (SVM), 
eXtreme Gradient Boosting 
(XGBoost), and artificial 
neural network (ANN).

q Shapley Additive exPlanations
(SHAP) values were utilised to 
explain the structures of the 
trained models to explore 
potential marker volatile 
compounds to predict wine 
grading.

EFFICACY OF MACHINE LEARNING MODELS

q A ten-fold cross validation technique was used to 
check the usefulness of the six proposed models.

q Among the trialled six machine learning models, the 
artificial neural network (ANN) returned the best 
result. (see Table 1)

TABLE 1. Robustness of Different Machine Learning models 
Using SHS−GC−IMS Data Based on 10-Fold Cross Validation.

EXPLANATION OF THE ANN MODEL

q SHAP values aim to find the most contributory feature 
(in our case, chromatographic peak) that leads to a 
certain outcome.

q It hence shows which peaks (thus, which compounds) 
are the most important for the highest/lowest grading.

q SHAP values are presented in FIGURE 2.
(A)

(B)

FIGURE 2. (A) SHAP values for samples pertaining to grading A 
(high grading) and (B) SHAP values for samples pertaining to 
grading C (low grading). Compounds with red bars indicate a positive 
correlation with the particular grading, whereas compounds with blue bars 
indicate a negative correlation. 

classification algorithm
classification
accuracyd

PCA-LDAa 65.7% (7.3%)
PLS-DAb 58.7% (1.5%)
k nearest neighbor (kNN)c 60.8% (7.9%)
support vector machine (SVM) 51.8% (1.1%)
eXtreme Gradient Boosting
(XGBoost)

81.8% (8.0%)

artificial neural network (ANN) 89.5% (6.0%)

aThe first five principal components were used. bThe first five latent
variables were used. ck was set to 5. dRepresented as the average of 10
cross-validated results, with the standard deviation shown in
parentheses.


