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ABSTRACT. Sensory evaluation is the approach currently used when 
evaluating the style of a South African Chenin Blanc wine. Using an untargeted 
LC-HRMS approach, a number of wine samples previously attributed to the 
three recognized styles were used to build a statistical model which was 
further used to predict to which style group additional samples belonged. This 
application can be considered proof of principle. 
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INTRODUCTION  

 
With the help of chemometrics, large amounts of data generated 

for wine analyses can be used for statistical modelling. Classification and 
discrimination of samples, quantification of certain classes of compounds, 
and prediction was successfully achieved in wine research using chemometrics 
[1–4]. Sensory evaluation is also a field that makes use of statistics, in 
experimental design, panel performance testing, and, of course, data handling 
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[5–7]. Various sensory methods have been developed hand in hand with 
their own data handling approach [8]. The results are generally used for 
discrimination and classification between samples, but not for prediction. The 
question is – with the appropriate analysis technique, can sensory behaviour 
be predicted? 

Chemical analysis and sensory evaluation are the two means through 
which wines are assessed, but linking the two has usually met with limited 
success. This is maybe counterintuitive, since the chemical composition will 
dictate the flavour, taste, and mouth-feel of a wine through the various 
compounds present in the sample.  

The issue resides rather in the approach. Sensory evaluation has a 
holistic and comprehensive approach, in the sense that the entire product 
is evaluated at once and it is seen as a whole and not the sum of parts. 
However, looking into the chemical composition of a wine using targeted 
separation techniques reduces the whole to the sum of parts. In that case, 
sensory and chemistry results seldom correlate well. On the other hand, an 
untargeted approach has more chances of succeeding. Some analytical 
techniques, such as UV/Vis and IR spectroscopy, have been utilised 
successfully in the classification, discrimination, and quantification of certain 
classes of compounds present in wine [4,9–11]. Similarly, untargeted or 
comprehensive chromatographic approaches coupled with chemometrics 
have a better chance of succeeding because they are information-rich. The 
use of untargeted analytical techniques to profile, model, and predict sensory 
behaviour is an expanding area of research. The applications are at the 
moment relatively few and some are heavily chemistry-based while the sensory 
aspects are more informal [12–15]. 

Chenin Blanc is one of the most important white wine cultivars in South 
Africa. It has received a lot of attention and accolades in the past years and 
more research than ever is dedicated to this versatile cultivar. According to 
the Chenin Blanc Association of South Africa, there are three recognized dry 
wine styles, Fresh and Fruity (FF), Rich and Ripe Unwooded (RRU), and Rich 
and Ripe Wooded (RRW) [16]. They are traditionally established with the aid of 
expert sensory evaluation, but the cost and the (subjective) human factor are 
aspects to be taken into account. Also, the number of samples that can be 
judged in one tasting session is limited [17].  

A more objective and robust way of assessing and attributing these 
styles can be the use of chemical analysis. Chemical composition can be a 
better way for discriminating between style groups using an untargeted approach 
such as LC-MS. This approach is information-rich and offers numerous 
possibilities for statistical data modelling (PCA, PLS, HCA, etc.). Creating 
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prediction models to include additional samples possibly without the need for 
sensory evaluation is a powerful tool for future applications. As always, there 
are some possible drawbacks to this approach, too, such as the need for 
data pre-processing that doesn’t remove relevant information but helps build 
strong and reliable models. Additionally, creating a reliable model depends 
on the choice of training set (done by sensory evaluation) so the choice of 
appropriate (representative) samples for the training set still falls on the 
sensory assessment. 

In this work, a sample set representative of the three Chenin Blanc 
wine styles was evaluated sensorially by a panel of expert judges. These 
wines and additional samples were analysed by LC-HRMS. The data obtained 
was used to create a statistical model used to predict to which of the styles 
the additional samples belonged, thus avoiding the need for sensorial evaluation 
for the additional samples.  

RESULTS AND DISCUSSION 

The sensory and chemistry data sets were treated separately and 
groupings of samples around the predefined styles were found for both sets. 

Sensory evaluation 

Sample repeats are close to each other, indicating good repeatability 
of the expert panel. Similar to previous findings, the sensory evaluation of 
Chenin Blanc wines leads to the formation of 2 rather than 3 defined groups. 
At first glance, RRW group is set apart from the FF and RRU wines which 
form a continuum rather than two distinct groups (Fig 1). Even though there 
is a trend for the FF-RRU wines to have FF wines on one side and RRU wine 
to the other, they do not make distinct groups. This is illustrated by the two 
wines that have been place with equal frequency in the FF and RRU groups, 
LKAP and WGHBV.  

Moreover, looking at the dendrogram representation of the results, it 
becomes apparent that there are in fact four groups, and not only two (Fig 2). 
The dendrogram (Fig 2) shows that the grouping is not as clear as suggested 
by the configuration plot (Fig 1). The two samples that were placed by the 
judges equally in the FF and RRU groups, LKAP and WGHBV, are indeed 
placed with two other samples that belong to those groups, SVP to FF and 
BCG to RRU, respectively. On the other hand, one of the RRW samples, 
WGHV, is positioned with two samples that belong in the RRU group, REM 
and MP. This is not unusual, as often the wines described as rich and ripe 
unwooded are the most challenging to ascribe to a well-defined group.  



ASTRID BUICA, JEANNE BRAND, CHRISTINE WILSON, MARIETJIE STANDER 

116 

Figure 1. Configuration plot after directed sorting task. The styles are attributed as 
FF (blue), RRU (green), and RRW (red). The codes without frames are from 

samples that were attributed to two groups equally (FF and RRU).  

Figure 2. Dendrogram for the directed sorting task results. The styles are attributed 
as FF (blue), RRU (green), and RRW (red). The codes without frames are from 

samples that were attributed to two groups equally (FF and RRU).  
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LC-MS analysis 

The representation of all data, combining the results for positive and 
negative ionization modes, is shown in Fig 3a and 3b. The PCA model for all 
samples, including the wines not classified during the sensory evaluation, 
shows some grouping that is more obvious in the representation of PC1 and 
3 (Fig 3b). In that case, the separation of wines from the RRW group seems 
more apparent than for PC1 and 2 (Fig 3a). The configuration is similar for 
chemistry and sensory data (Fig 1 vs Fig 3b) with a continuum between the 
FF and RRU groups and in opposite quadrants from RRW. The additional ‘no 
class’ samples are more difficult to ascribe to a style group when inspecting 
the PCAs.  

Figure 3a. Component 1 and 2 of the PCA-X model for the combined LC-HRMS 
results, no sample pre-processing (n=25). Styles attributed by the sensory task.  

‘No class’ samples were not included in the sensory task. 
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Figure 3b. Component 1 and 3 of the PCA-X model for the combined LC-HRMS 
results, no sample pre-processing (n=25). Styles attributed by the sensory task.  

‘No class’ samples were not included in the sensory task. 

Figure 4a. PLS-DA model for positive ionization LCHRMS results, no sample 
pre-processing (n=25). Styles attributed by the sensory task.  

‘No class’ samples constitute the prediction set. 
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Figure 4b. PLS-DA model for negative ionization LCHRMS results, no sample 
pre-processing (n=39). Styles attributed by the sensory task.  

‘No class’ samples constitute the prediction set. 

Figure 5. PLS-DA model for the combined LCHRMS results (positive and negative 
ionization), no sample pre-processing (n=25). Styles attributed by the sensory task. 

‘No class’ samples constitute the prediction set. 
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As expected, the DA representation for the samples attributed to 
styles shows good grouping, which is promising for future work. In order to 
try and predict to which group the ‘no class’ samples belong, a PLS-DA 
model was created, using the wines subjected to sensory analysis as 
training set. The drawback is in this case the number of samples used to 
create the model. There were more samples included in the negative 
ionization mode experiment (39 vs 25), which resulted in a larger prediction 
set for this MS mode, while the working set remained the same size. A 
prediction certainty of 50% resulted in 2 samples being unclassified in positive 
MS mode (n=25), 3 in negative (n=39), and 1 in combined data sets (n=25). 
Increasing the level of certainty to 75% resulted in 7, 15, and 8 unclassified 
samples, respectively.  

The wines that were not attributed clearly to a style group had to be 
excluded from the training set, too. Interestingly, the chemical analysis places 
these two sample, LKAP and WGHBV, in the middle of the plot, between the 
FF and RRU groups (Fig 4 and 5). When looking at the predicted scores for 
these wines, they fall below 50% certainty for assigning to a style group. This 
can possibly explain the difficulty that the judges had in placing these 
particular samples in either of the styles.  

The general configuration is similar when considering the LC-HRMS 
results from the two ionization modes separately and combined (Fig 4 and 5). 
Even though the general configurations obtained from separate and combined 
MS ionization mode data appear similar, the prediction scores change 
depending on the set used, therefore there is merit in using a more complete 
set of results. For example, for the samples REM (RRU, training set), and 
RHB13 and RHB14 (prediction set), their positions change depending on the 
MS data considered. They are not closely associated in the representation of 
the positive mode (Fig 4a) but situated together in the representation of the 
negative and combined data sets (Fig 4b and 5). The prediction scores 
indicate the same. For positive MS mode, RHB13 and RHB14 can be 
attributed to both RRU and RRW groups with a certainty of around or less than 
50%. In negative mode and combined sets, both samples are attributed to the 
RRU group with a confidence higher than 90%. Some insight into the samples 
reveals that they are all from the same estate, made in similar conditions, the 
differences between the two samples in the prediction set is the vintage 
(therefore, the age at the time of analysis) and that, often, these wines are 
sensorially characterized as RRU. This particular situation makes the case 
for combining the ionization mode results to avoid loss of information.  

Up to this point, the work presented here can be considered more 
proof of principle rather than definitive evidence that Chenin Blanc styles can 
be predicted using LC-MS data. More in-depth data analysis will possibly 
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reveal the compounds correlated with styles. The presence of such markers 
should eliminate the need for insight or sensory information in the case of 
samples that fall in-between groups. At the same time, removing superfluous 
MS information would result in decreasing the statistical noise and make 
predictions more reliable. 

CONCLUSIONS 

Results indicate that even though the traditional evaluation of Chenin 
Blanc styles has its merits, a more objective way of attributing the style is 
also possible with the help of chemical analysis coupled with integrated 
statistical tools. Even though models based on chemical data can designate 
a wine as fitting in a specific group, sensory evaluation has in some cases 
more relevance, as it deals with human perception, be it for experts or 
consumers. In the field of sensory research, this translates into a need for a 
sensory method that can evaluate more wines to increase the training set 
and create a more reliable model. 

The issue of choice for representative samples for the training set 
could be avoided in the future with the help of marker molecules. Identification 
of markers for styles would make the discrimination between groups easier, 
avoiding the issue of wines that fall “in between” the groups in both sensory 
and chemical evaluation. 

EXPERIMENTAL SECTION 

Sensory evaluation: Directed sorting 

A sample set of 15 wines (including 2 repeats) were subjected to 
sensory evaluation in duplicate by 15 experts using a directed sorting task, 
taking into account both aroma and taste. The judges were asked to divide 
the samples into three groups according to the Chenin Blanc wine style. The 
data has been analysed using DISTATIS to assess individual differences 
between samples as well as to build a multivariate map of the data using 
multidimensional scaling (MDS).  

Chemical analysis: LC-HRMS 

Wine samples (n=39, including the ones used for sensory evaluation) 
were analysed by UPLC (Waters Corporation) equipped with a Synapt G2 
quadrupole time-of-flight mass spectrometer (Waters Corporation). The 
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separation was done on an Acquity UPLC HSS T3 column (1.8 µm internal 
diameter, 2.1 mm x 100 mm, Waters Corporation) using 0.1% formic acid 
(mobile phase A) and acetonitrile (mobile phase B) and a scouting gradient. 
Flow rate was 0.3 mL/min and the column temperature 55 ºC. The injection 
volume was 2 µL.  

Data was acquired in MSe mode which consisted of a low collision 
energy scan (6V) from m/z 150 to 600 and a high collision energy scan 
from m/z 40 to 600. The high collision energy scan was done using a 
collision energy ramp of 30-60 V. The mass spectrometer was optimized for 
best sensitivity, cone voltage 15 V, nitrogen desolvation gas at 650 L/hr and 
desolvation temperature 275ºC. The instrument was operated with an 
electrospray ionization probe in both positive and negative mode.  

Chromatographic data was extracted as (RT_m/z, intensity) matrix by 
the application manager used. The MS data generated from both ionization 
modes (separate and combined sets) was analysed using MarkerLynx XS 
(Waters Corporation), an application manager that performs 3D peak 
integration, data set alignment and incorporates multivariate statistical tools. 
The software is directly integrated with SIMCA-P (Umetrics) and the statistical 
algorithms are directly applied to the processed data sets.  
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