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Quality plays an important role in the criteria directing wine product development. The evaluation of sensory 
characteristics associated with wine quality, as perceived by industry professionals, is therefore important. 
We investigated the suitability of the free-sorting sensory evaluation method, in combination with wine 
quality scoring using a 20-point scoring system, to determine the drivers of quality. Eight commercial South 
African Sauvignon Blanc wines were assessed by a panel of 24 wine industry professionals. Free sorting 
with a verbalisation step to describe the groups, followed by quality scoring using score sheets routinely 
used in the wine industry, was performed. A multivariate sensory map was constructed using DISTATIS 
to explain the similarities and differences amongst the set of wines. Correspondence analysis (CA) was 
applied to the group descriptors, and CA deviates were calculated. Pearson’s correlation coefficients 
between CA deviates and the quality scores were calculated to identify the drivers of quality. Significant 
differences in quality were observed between the wines. The sensory attributes “passion fruit”, “green 
pepper”, “peas”, “asparagus” and “green” were frequently cited by the panel for the wines that received 
the highest average quality scores, and these attributes were identified as drivers of quality. In this study, 
a procedure is presented that combines sorting and quality scoring to investigate the relationship between 
sensory attributes and quality scores to identify the drivers of wine quality. Industry professionals and 
research environments can use this procedure to determine drivers of wine quality in a single evaluation 
session.

INTRODUCTION
Sensory characteristics are important intrinsic factors that 
influence the perceived quality of wine and play a crucial 
role in product development. During the blending process of 
wine production, for example, the sensory drivers of quality 
can be decisive factors guiding the process. Identifying 
the consumer target market and target price for a product 
depends largely on intrinsic characteristics such as colour, 
taste, mouthfeel, odour, aroma and flavour which contribute 
to the sensory dimension of the quality. As a result, 
industry experts, such as winemakers and brand managers, 
routinely conduct evaluations of wine quality, an activity 

that is especially important for high-quality wines. During 
these evaluations wines are typically rated for quality only 
and description are rarely provided. Occasionally, during 
informal tasting group social or training events, words or 
phrases describing the sensory characteristics are provided 
additionally. Several studies have been conducted to better 
understand the dimensions of wine quality and improve the 
methods used. The aim is to evaluate the effectiveness of 
the methods used by the wine industry and to propose new 
strategies to measure wine quality (Botonaki & Tsakiridou, 
2004; Verdú Jover et al., 2004; Parr et al., 2006; Charters 
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& Pettigrew, 2007; Torri et al., 2013; Sáenz-Navajas et al., 
2015, 2016; Valentin et al., 2016). It is clear that wine quality 
assessment requires extensive attention and optimisation.

Quality assessment of wine
Quality is an abstract concept that is difficult to define 
(Ziethalm et al., 1988). Various methods have been proposed 
and tested in the last 10 to 15 years to measure wine quality. 
The majority of these methods focused on the perception 
of quality by the consumer. A few examples are papers by 
Botonaki and Tsakiridou (2004) and Charters and Pettigrew 
(2007).

Botonaki and Tsakiridou (2004) used self-administered 
questionnaires to obtain insights into Greek consumers’ 
attitudes towards quality attributes by taking their general 
knowledge of the Greek quality certification system and 
“destination of origin” into account. Consumers’ willingness 
to pay more for quality certified wines was also investigated. 
Verdú Jover et al. (2004) proposed and validated a 21-point 
scale to measure the dimensions of wine quality by 
proposing two different scales for intrinsic and extrinsic 
quality measurements. It was concluded that the methods 
were suitable to evaluate wine quality using both novice 
consumers and connoisseurs (expert consumers). Charters 
and Pettigrew (2007) used qualitative data obtained from 
questionnaires and focus groups to understand the complexity 
and dimensions of the quality perception of Australian 
consumers based on their level of involvement with the 
product. From these studies, it became clear that consumers’ 
quality perception is a multi-dimensional concept and is a 
crucial measurement, since the translation of consumer 
demands into product specification leads to the development 
of products accepted by the consumers (Bredahl et al., 1998; 
Verdú Jover et al., 2004). 

Measuring quality as perceived by consumers is not 
always possible, due to logistical matters such as cost 
implications and the phase of production when the quality 
measure is needed, for example during product development. 
In such cases, experts’ opinions of product quality can be 
used as a first measure. Few studies have investigated the 
perception of quality by wine industry experts. Parr et al. 
(2006) compared a 20-point scale to a 100-point scale. 
Both scales are routinely used in the industry for judging 
at wine competitions. No significant differences were found 
in the data obtained from the two scales concerning product 
variation or judge variability. Lattey et al. (2009) used a 
20-point scale to capture the quality perceptions of Australian 
winemakers and compared these to consumers’ acceptance of 
the wines. It was shown that the winemakers and consumers 
used different criteria when evaluating quality. Interestingly, 
wines that obtained higher average consumer liking scores 
also obtained higher average quality scores from the experts. 
Sáenz-Navajas et al. (2013) came to a similar conclusion 
when the effect of consumers’ culture and their levels of 
expertise on the sensory drivers of the quality of red wines 
were investigated. These authors concluded that experts and 
consumers do not rate quality the same, and reported that the 
quality rating was dependent on the level of expertise of the 
judge.

Torri et al. (2013) adapted the nine-point hedonic liking 

scale and proposed a quality scale ranging from “very poor 
quality” to “excellent quality” to assess wine quality using 
experts (oenologists and wine producers) as sensory judges. 
The experts’ quality measurements were compared to the 
consumers’ liking of the products. Both groups’ abilities to 
differentiate between wines using a rapid sensory profiling 
method, projective mapping (Napping), were tested. The 
results showed that consensus amongst the consumers was 
low regarding perceived differences and similarities between 
wines and was driven by liking. The authors postulated that 
experts use a common language to describe samples based 
on their previous experiences of high-quality products and 
thus differentiate between products based on quality.

Sáenz-Navajas et al. (2016) used an unstructured line 
scale to assess the effect of tasting conditions referred to 
global perception of all modalities simultaneously versus 
isolating the modalities. The three modalities, namely 
visual, orthonasal (odour) and in-mouth perception (flavour, 
taste and mouthfeel) were evaluated separately. Quality 
perception was found to be dependent on the evaluation 
conditions. It was concluded that the global quality rating 
was based on the perceived quality during tasting as well 
as cognitive information obtained during technical training 
of the winemaking process, rather than the sum of the in-
mouth, odour and visual perception of the sample. For 
example, white wine with a yellow colour was believed to be 
of lower quality than white wine with a green tint due to the 
cognitive information namely the technical knowledge that 
winemakers have of the production process rather than the 
perception of the wine during tasting. Lastly, it was concluded 
that the olfactory properties (the “nose”) of the wines had a 
stronger and more important influence on the overall global 
quality than the visual and in-mouth perceptions.

In another study the relationship between wine quality 
and colour in Pinot Noir wine was investigated (Valentin 
et al., 2016). These authors used a 10-point scale anchored at 
“poor” and “good” to assess overall wine quality. In addition, 
sensory attributes describing the “nose”, the “palate” 
(including “balance” and “structure”) and “typicality” were 
measured in the same session after the quality rating. During 
the final assessment the colour of the wines were evaluated 
by rating “colour/hue”, “colour intensity” and “brightness”, 
to relate wine quality to colour. It was found that wine colour 
was not a major contributor towards Pinot Noir wine quality, 
while the perceived “balance” and “structure” of the wines 
were important. The perceived “balance” and “structure” 
were correlated with chemical parameters such as pH, 
ethanol, sugar content, astringency and acidity. Presenting 
wines in clear glasses as opposed to black glasses lead to 
higher quality scores.

From literature, it is clear that wine quality is a complex 
and abstract concept. It has many dimensions and can be 
approached from different angles, for example from a 
consumer viewpoint or an industry professional perspective. 
The methods used previously in research to measure quality 
were selected based on the specific research question asked 
and the aspects of quality measured. When measuring 
quality, a complex and abstract concept, it is essential to 
choose a method that is fit-for-purpose. It is rarely necessary 
or practical to evaluate all the dimensions of quality and 
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from both the perspectives of the consumers and industry 
professionals. Testing the quality perception from a consumer 
viewpoint can be used to direct product development 
and supplement the development of a marketing strategy 
knowing what the target consumer want. Where an expert’s 
initial quality assessment during product development, from 
a production perspective, can be useful as, for example, a 
benchmarking tool. In this study the sensory dimension of 
quality as perceived by industry professionals was studied. 
Considering the methodologies discussed in literature, the 
20-point scale was chosen for this study for two reasons. (1) 
This method is familiar to the South-African wine industry 
professional and (2) no proof could be found that other 
methodologies will provide better results, e.g. Parr et al. 
(2006) found no significant differences between results when 
using the 20-point and 100-point scales. 

It is, however of interest for wine industry professionals 
to, in addition to quality scoring, describe the sensory 
characteristics of the evaluated samples due to the fact that 
quality is based partially on those characteristics.

Rapid sensory profiling methods for alcoholic beverages
In addition to quality assessment, industry professionals can 
describe the intrinsic sensory properties of wine products, 
due to constant practice gained from frequent participation 
in informal and formal wine tasting events, as a result of 
their work experience. During informal tastings winemakers, 
discuss wines amongst themselves providing a few words to 
describe each wine, not following a specific sensory method 
or applying statistical data analysis to their descriptions. 
When guided during sensory evaluation sessions industry 
professional can describe wines using formal sensory 
analysis methods, for example rapid methods such as sorting.
Since the late 1990’s and early 2000’s, several rapid sensory 
profiling methods were proposed, as recently reviewed 
(Valentin et al., 2012; Varela & Ares, 2012). A number of these 
methods were tested, adapted and developed specifically for 
profiling of wine and alcoholic beverages using industry 
experts as sensory judges. These methods include check-
all-that-apply (CATA) and it’s variants “pick-k attributes” 
(McCloskey et al., 1996; Chollet & Valentin, 2000); pivot 
profile© (PP) proposed by Thuillier et al. (2015); projective 
mapping (PM) including Napping® (Pagès, 2003, 2005; 
Perrin et al., 2008; Perrin & Pàges, 2009; Torri et al., 2013) 
and sorting (Piombino et al., 2004; Ballester et al., 2005; 
Ballester et al., 2008; Lelièvre et al., 2008, 2009; Bécue-
Bertaut & Lê, 2011; Parr et al., 2015; Honoré-Chedozeau 
et al. 2017).

CATA is referred to as a verbal-based method (Valentin 
et al., 2012) and sensory judges select terms from a 
predetermined list to describe the test samples. CATA 
variants were successfully used to discriminate between wine 
samples (Chollet & Valentin, 2000). However, the number of 
terms on the lists must be carefully considered to prevent 
the list from being too long and tedious to use, or too short 
thereby excluding terms crucial to represent the sensory 
judges’ perception of the products accurately. During CATA, 
samples are presented to the judges in a monadic way, i.e., 
one at a time. Obtaining a global, intuitive picture in one’s 
mind of how the samples relate to each other is, however, 

difficult and for most judges impossible. 
Another method, PP (proposed by Thuillier et al. 

2015) was used to profile wine using industry experts as 
sensory judges. Wine samples are evaluated in pairs, one 
test sample and one reference called the pivot sample. Each 
wine is compared to the same pivot, thereby allowing for 
interpretation of differences between samples relative to 
a common reference. The main drawback of this methods 
is the choice of the pivot. Nevertheless, Lelièvre-Desmas 
et al. (2017) stated that: “the choice of the pivot has less 
influence than the within-set similarity between samples”. 
This method, however, requires verbal expression of sensory 
perceptions, which can be difficult and is not an intuitive 
task.

Projective mapping (PM) techniques rely on the ability 
of the sensory judges to identify similarities and differences 
between samples in an intuitive manner prior to naming the 
sensory attributes (Pagès, 2003, 2005; Perrin et al., 2008; 
Perrin &Pagès 2009; Torri et el., 2013). This is an easier task 
than verbalising sensory attributes as the first step which is 
the case for CATA and PP. The first step of a PM requires 
sensory judges to place samples on a surface, often an A2 
or A3 sheet, in such a way that similar samples are placed 
close to each other and different samples far apart. During 
the second step, the sensory properties of each sample are 
described by assigning a few sensory words next to each 
sample to explain its position on the sheet. 

The free sorting sensory method is based on the 
psychological theory that human beings routinely organise 
their environments intuitively and as part of daily life, by 
categorising objects according to similarity and dissimilarity 
(Neisser, 1987; Rosch, 1973). During the free sorting task, 
sensory judges receive all the samples simultaneously. They 
are asked to group similar products together and organise 
the groups in such a way that dissimilar samples appear in 
separate groups. They are allowed to create as many groups 
as they see fit to explain the similarities and dissimilarities 
of the samples presented to them. In order to obtain more 
information about the odour, aroma, taste and mouthfeel 
attributes responsible for the groupings, a verbalisation 
step is included and performed after sorting of the samples. 
Typically, judges are asked to write down the three to five 
attributes that best describe each group of wines in the 
verbalisation step (Faye et al., 2004; Chollet et al., 2011).

Research has shown that product descriptions using 
rapid methods generated results comparable to DA results 
(Valentin et al., 2012; Varela & Ares, 2012). Rapid methods 
are therefore suitable for the profiling purposes. Cartier 
et al. (2006) showed that sorting rendered similar results to 
descriptive analysis (DA) in a study where consumers were 
used as sensory judges. Industry experts are frequently used 
to perform sorting tasks as well. It is interesting to note that 
Ballester et al. (2008) reported that consumers and experts 
did not sort wines precisely the same. Experts distinguished 
between different cultivars better than consumers did by 
sorting the wines clearly into separate groups, suggesting 
that sorting performed by experts could provide results even 
more similar to DA than sorting performed by consumers.

Sorting is seen as an intuitive, rapid sensory analysis 
method, and it is faster to perform than DA and other 
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TABLE 1 
Summary of the chemical analysis of the 8 commercial South African Sauvignon blanc wines.

Wine code Origin of grapes Location of producer Alca % (v/v) RSb (g/L) pH TAc (g/L)

A Robertson Robertson 12.50 1.5 3.50 8.5

B Robertson Robertson 12.55 3.3 3.39 7.5

C Robertson Robertson 13.40 1.9 3.04 6.9

D Robertson Robertson 12.90 1.8 3.24 6.7

E Unknown Franschhoek 14.00 1.9 3.37 6.7

F Cederberg Cederberg 13.00 2.4 3.40 6.8

G West coast West coast 13.55 1.3 3.35 6.7

H Western cape: 
Stellenbosch, Elgin, 

Walker bay

Stellenbosch 13.55 2.1 3.41 7.0

aAlcohol, bResidual sugar, cTitratable acidity.

techniques that involve panel training. It is, therefore, more 
cost-effective and time efficient. Sorting has been applied 
successfully to investigate the sensory characteristics of wine 
to investigate product similarities and differences. A number 
of studies have successfully used sorting to profile wines 
using industry professionals as sensory judges (Piombino 
et al., 2004; Ballester et al., 2005; Abdi et al., 2007; Parr 
et al., 2007; Campo et al., 2008; Bécue-Bertaut & Lê, 2011; 
Valentin et al., 2012; Varela & Ares, 2012).

Sorting was therefore the chosen method to describe the 
sensory characteristics of wine in combination with quality 
scoring to determine drivers of quality. The aim of this study 
was to develop a “ready-to-use” procedure for industry 
professionals to explore the sensory dimensions of quality, 
since quality is partially based on sensory characteristics. The 
proposed methodology consists of a descriptive step, sorting 
and a quality scoring step conducted during a single sensory 
evaluation session. The 20-point scoring method with which 
the industry professionals were familiar, was used. This 
study is the first, to our knowledge, where free sorting in 
combination with quality scoring has been proposed for this 
task.

MATERIALS AND METHODS
Wines
Eight commercial South African Sauvignon Blanc wines 
from the 2014 vintage and from different production regions 
were subjected to sensory evaluation (Table 1). All the wines 
were commercially available at the time of analysis and were 
certified by the South African Wine and Spirits Board. 

Wines were chosen by industry professionals that 
regularly serve on Sauvignon Blanc tasting panels, including 
competition judging. The wines represented premium quality 
and unwooded South African Sauvignon Blanc wines. The 
industry professionals who selected the wines did not serve 
as judges during the evaluation of the wines tested in this 
study.

Panel
The sensory panel consisted of 24 judges, all wine industry 
professionals, of whom 67% were male and 33% female. 
The judges were between the ages of 23 and 60 (average age: 
35, median of ages: 34). The participants attended regular 
tasting events as part of their occupation. All the judges, 
except two individuals, had more than five years’ experience 
as tasters in the wine industry. No training was provided 
before the sensory analysis, and the judges were not paid for 
their participation.

Methodology
The sensory evaluation was conducted in a well-ventilated, 
odour free and temperature-controlled tasting room of a local 
wine cellar. Wines were presented at an ambient temperature 
of 20°C in standardised international tasting glasses (ISO 
NORM 3591, 1977). Glasses were coded with random three-
digit codes and covered with Petri dishes. Judges received 
25 mL of each wine in a different order according to a 
Williams Latin square design. Participants were not allowed 
to communicate with each other during the session, and only 
received information at the end of the session.
Evaluation of the wines was conducted during a single 
session in a two-step process with a 10 min break in between. 
During the first step, a free sorting task with verbalisation, 
as described by Chollet et al. (2011), was performed to 
investigate similarities and differences between the sensory 
profiles of the wines. Judges had to freely describe their 
groups of wines using three to five words. They were 
requested not to use phrases, negative forms or intensity 
words; for example, phrases such as “not fruity” and “very 
fruity” were not permitted. Judges were not informed during 
the sorting task that quality scoring would follow. Quality 
scoring of the wines was performed in the second step..
Quality was scored separately for three different criteria, 
namely the appearance score out of 3 “the nose” score out of 
7; and “the palate” score out of 10.
The criteria used for the evaluation of the appearance were 
clarity, colour depth and hue. The “nose” was explained to 
judges as orthonasal odour. “The palate” of the wine was 
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Identifying drivers of quality

Step 3. Pearson’s correlation coefficients between Correspondence 
Analysis (CA) deviates and quality scores

Attribute citations and quality 
scores

Investigating similarity and differences between samples
Step 2a.
Step 2b.

DISTATIS and AHC
Attribute projection onto DISTATIS compromise map

Sorting data similarity matrices
Attribute citations

Establishing significance of quality differences between samples

Step 1. One way ANOVA Quality scores

Workflow of the statistical analysis of free sorting and quality scoring data 
to determine drivers of quality

FIGURE 1
Schematic presentation of the statistical analysis workflow. Statistical analysis of the data was performed as a three-step process. 
One-way ANOVA on the quality scores was performed as the first step to determine whether samples differed significantly. 
During the second step the sorting configuration was determined using DISTATIS, followed by AHC to identify groups of 
samples. Lastly sensory attributes that drove the quality scoring of the wines were determined correlating the correspondence 

analysis (CA) deviates with the quality scores.

defined as (1) the flavour, including retronasal aroma and 
the perception of basic tastes (sweet, sour, bitter) and (2) 
mouthfeel (concerning astringency, body) and (3) the length 
of the aftertaste.
The sum of the three individual scores was computed and 
represented the overall quality score out of 20. 
The 20-point quality score scale was chosen to score quality 
since professionals commonly use this in the South African 
wine industry. The judges were, therefore, familiar with the 
method due to their work experience gained from judging 
at wine competition and other wine evaluation panels. 
Furthermore, since no training was provided to the judges, 
the assumption was made that the judges had the ability 
to use the quality scale in a similar way and were familiar 
with using the 20-point scale. It was noted in literature that 
in most cases experts score wine quality similarly (Torri et 
al., 2013; Sáenz-Navajas et al., 2016) therefore justifying the 
above mentioned assumption. 

Statistical analysis and visualisation of data
The analysis of the sensory data was conducted in three 
steps. Significant quality differences were identified as the 
first step, secondly similarities and differences between 
samples were investigated and lastly drivers of quality were 
identified.

Establishing significance of quality differences between 
samples
The first step of the data analysis process (Fig. 1) entailed the 
significance testing of the quality scores by means of one-

way ANOVA using Statistica 13 (www.statsoft.com, Statsoft 
Inc.). Four separate ANOVA’s were performed, respectively 
for the appearance, the “nose”, the “palate” and overall 
quality. Pairwise comparisons were calculated, using the 
Fisher’s LSD post-hoc test when the ANOVA results were 
significant.

Investigating similarities and differences between wines 
from the sorting configurations
Individual distance matrices showing the grouping of the 
wines by each judge in the sorting task was compiled. 
DISTATIS (Abdi et al., 2007) was performed directly on the 
distance matrices of the individual judges using R version 
3.4.0 DistatisR (www.R-project.org), as shown in step 2a 
(Fig. 1). DISTATIS is a statistical method that takes many 
similarity or distance matrices, into account when analysing 
the similarity relationships between samples. It provides a 
visual representation where samples that appear close to 
each other on the plot are similar. Therefore, wines that were 
sorted into the same groups by many of the judges will appear 
close to each other and wines that were not grouped together 
will appear far from each other on the DISTATIS plot where 
the wine samples are represented. This plot is called the 
DISTATIS compromise map. DISTATIS has the advantage 
over other similar techniques that differences between the 
individual judges’ data are represented on the compromise 
map by means of a confidence ellipse drawn around each 
sample (Abdi et al., 2007). In this study, the compromise 
map was used to: (1) analyse the data to investigate 
differences and similarities between wine samples and (2) to 
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analyse the differences between the individual judges’ data 
complimented by STATIS analysis performed in PanelCheck 
V1.4.2 (www.panelcheck.com, Nofima).
Agglomerative hierarchical cluster (AHC) analysis was 
performed using Statistica 13 (www.statsoft.com, Statsoft 
Inc.). AHC, using Ward’s linkages and Euclidean distances, 
was applied to the coordinates of the first two dimensions 
(Dim1 and Dim2) of the DISTATIS compromise map 
to visualise grouping of wine samples due to similarity. 
Differences between the sorting data of the individual judges 
were visualised by means of the confidence ellipses on the 
DISTATIS compromise map, as well as a STATIS analysis 
performed in PanelCheck V1.4.2 (www.panelcheck.com, 
Nofima).

Investigating similarity and differences between samples 
from the descriptors used to describe groups
The descriptors generated to describe each group of wines 
in the verbalisation phase were captured by constructing 
a contingency table (Step 2b, Fig. 1). The attributes were 
reduced by combining similar descriptors that were used 
by less than 20% of the panel. When no synonyms for a 
particular descriptor could be identified, that descriptor was 
not used for further data analysis, similar to the strategy 
used by Campo et al., 2008 and Chollet et al., 2011. An 
example of similar descriptors was “grass”, “cut grass” and 
“fresh green” notes. Two sensory research scientists and one 
industry professional reduced the descriptors independently, 
and discussed the outcomes of the descriptor reductions. 
The criteria for disagreement on descriptor reduction was 
to reach consensus through discussion. Where consensus 
could not be reached through discussion the opinion of a 
fourth person, a researcher in oenology and viticulture who 
frequently worked in collaboration with the sensory team 
was acquired. The industry professional was a member of 
the tasting group who performed the sensory analysis but did 
not take part in this experiment as a judge. The number of 
times a descriptor was used to describe a wine was counted. 
This was done for all the descriptors for all the wines for the 
reduced set of descriptors. The sum of the citations over all 
the judges for each descriptor for each wine, was compiled 
with the wines in the rows and the attributes in the columns 
of the contingency table. The number of judges who cited an 
attribute for a wine was tabulated at the intersection between 
the row of that wine and column of that attribute. 

Pearson’s correlation coefficients between the attributes 
and the DISTATIS product coordinates were calculated 
using the contingency table and the data of the first two 
dimensions of the DISTATIS analysis. Two Pearson’s 
correlation coefficients were thus calculated for each 
descriptor; one between each attribute frequencies and the 
coordinates of the first dimension, and the second between 
the attribute frequencies and the coordinates of the second 
dimension. These correlation coefficients were projected 
as the x- and y-coordinates of the descriptors onto the 
DISTATIS compromise map to obtain a plot representing 
the similarity information from the sorting exercise as well 
as the descriptors assigned to the groups (Faye et al., 2004; 
Cartier et al., 2006, Abdi et al., 2007). Pearson’s correlations 
coefficients and projections onto the DISTATIS space were 

executed using Microsoft Excel (Microsoft Corporation, 
wwwmicrosoft.com) and XLSTAT 2017 (www.xlstat.com, 
Addinsoft).

Identifying drivers of quality
During step three of the data analysis the drivers of quality 
were identified (Fig. 1). For this purpose, correspondence 
analysis (CA) was performed on the contingency table that 
contained the descriptors used to describe the groups that 
were created during the free sorting step. CA was conducted 
to obtain a descriptor-based sensory space which represents 
the relationship between the sensory characteristics of the 
samples. This space was used to correlate to the sensory 
characteristics to the perceived quality.
Standardized deviates (also called Pearson residuals) were 
calculated for each descriptor from the formula provided 
below. These deviates indicate the magnitude of deviation 
from independence between wines and descriptors. Negative 
deviates indicate less occurrence of a descriptor with a wine 
as would be expected under independence, and positive 
deviates more occurrence of a descriptor with a wine as 
expected under independence. The mathematical equation 
used to calculate standardised CA deviates was:

Pearson’s correlation coefficients between the 
standardised CA deviates of attributes and quality scores 
could therefore be used to indicate the sensory drivers 
of quality. A positive correlation between a descriptor’s 
standardized deviates and the quality score would indicate 
that the descriptor tend to co-occur more with better 
quality wines and less with worse quality wines. Attributes 
corresponding to Pearson’s correlation coefficients larger 
than 0.7 were considered as drivers of quality. Statistica 13 
(Statsoft Inc., www.statsoft.com) was used to perform CA, 
calculate standardised CA deviates and Pearson’s correlation 
coefficients between the standardised CA deviates and 
quality scores.

RESULTS AND DISCUSSION
Quality differences between premium Sauvignon Blanc 
wines
Significant differences, at a 95% confidence level, between 
the wines in terms of the “nose”, the “palate”, the appearance 
and overall quality were obtained from the one-way ANOVA 
results. Among the set of wines used in this study, wines A 
and E were scored the highest and wine D the lowest for 
overall quality. The same trend was seen for the quality 
related to the “nose”, although no significant difference 
between wines D and H was found. The quality differences 
related to the “palate” also showed the same trend, with the 
difference that wines C, G, and D did not differ significantly 
from each other and wine H was rated higher than wines C 
and D for the quality perceived on the “palate”. Only one 
wine, wine D, was scored significantly lower than the other 
wines for appearance (Fig. 2). Wine colour was therefore not 
considered as an important contributor to the overall quality 
differences between wines. Similar findings by Valentin 
et al. 2016, showed that wine colour was not a major 
contributor toward Pinot Noir wine quality as measured 

1 
 
 

Standardised deviates= 
observed frequency-expected frequency

�expected frequency
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FIGURE 2
Average quality scores for the appearance (A), odour indicated as the “nose” (B), the “palate” (C) and overall quality (D) for 
8 premium quality Sauvignon blanc wines analysed by one-way mixed model ANOVA and Fisher’s LSD post-hoc pairwise 

comparison test. The letters a - d indicate significant quality differences, p < 0.05, between the different wines, A – H.

on a 10-point scale. In the present research, more wines 
differed significantly from each other in terms of quality 
related to the “nose”, than for quality related to the “palate” 
(Fig. 2). Interestingly, Sáenz-Navajas et al. 2016 observed 
that olfactory quality perception, which relates to the quality 
of the “the nose” of the wine, was found to be the most 
important aspect of overall wine quality. 
In summary, Wines A and E scored the highest for overall 
quality; wines F and B did not score significantly different 
from each other, as was the case for wines B and G, while 
wine F scored higher than wine G (Fig. 2D).

Panel consensus and differences between individual 
judges’ sorting data
The consensus among the individual judges was investigated 
by inspection of the DISTATIS plot that showed the judge 
configuration (Fig. 3A). It is evident that the panel consensus 
was good. This is in line with the findings from the study 
by Torri et al. (2013) who inferred that the good consensus 
observed between experts’ description of wines could be 
ascribed to their use of a common language that stemmed 
from experience gained from evaluating good quality 
wines. In the present study, judge 11 could be considered 
as an outlier. This was confirmed by performing a STATIS 
Principal Component Analysis (PCA) shown in Fig. 3B. It is 

clear that this judge’s calculated weight (Fig. 3B) was lower 
than that of the other judges. The data of Judge 11 were 
not removed from the final data analyses, since analyses 
performed with and without this judge’s data provided the 
same results (data analysis excluding judge 11 is not shown).

Differences and similarities between the wines through 
investigation of sorting groups
The sorting results visualised by agglomerative hierarchical 
cluster analysis (AHC) of the DISTATIS graph, consisting of 
the first two dimensions of the DISTATIS analysis, showed 
clear differences between some wines as well as similarities 
between others. It could be seen from the DISTATIS graph 
(Fig. 4A) and AHC dendrogram (Fig. 4B) that the wines 
could be divided into two groups along Dim1 and Dim2 with 
wines C, D, G and H forming one group and wines B, E, F 
and A another group. Furthermore, wines A and E, with the 
highest overall quality scores show overlapping confidence 
ellipses, also with wine F which has the third highest overall 
quality score, even if not different from wines B. Therefore, 
these wines were more similar to each other than wines B, C, 
D, G and H with lower overall quality scores. Quality seems 
to be either dependant on the sensory profiles of the wines or 
industry professionals intuitively sorted according to quality 
even though judges were not asked to sort wines according 
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to quality. In fact, the judges did not know that they would 
score the quality of the wines until after the sorting task was 
completed. This is in-line with literature since Sáenz-Navajas 
et al. (2016) also reported that wine industry experts sorted 
according to quality. Therefore, the relationship between 
quality and the sensory attributes used to describe the sorting 
groups was investigated.

Aroma and flavour profile differences driving Sauvignon 
Blanc quality
The Pearson’s correlation coefficients calculated between 
the CA deviates and quality scores (Table 2) indicated that 
the following attributes could be interpreted as drivers of 
quality: “passion fruit” associated with the quality of “the 
nose”; “asparagus” associated with taste quality and “peas” 
and “green pepper”’ associated with the quality of “the nose”, 
“palate” and overall quality. The correlation coefficients 
were > 0.7 and p values < 0.05. Correlation coefficients for 

“tropical”, “apple” and “grass” were less than -0.8 (Table 2), 
with a significant p-value, p < 0.05. This indicated that these 
attributes were less associated with quality wines compared 
to when these attributes would be chosen randomly. In other 
words, these attributes were not associated with high quality 
wines.

In order to visualise all the information obtained and 
summarise the data analysis conducted the Pearson’s 
correlation coefficients between the DISTATIS coordinates, 
Dim1 and Dim2, and the attribute citation were projected 
onto the DISTATIS compromise map (Fig. 5). To visualise 
the overall quality scores in an intuitive way, the size of 
the data markers representing the wines were adjusted. 
Large data markers represent high overall quality scores 
and smaller data markers lower scores. Attributes identified 
as drivers of quality were coloured blue and attributes 
negatively associated with quality were coloured red. 

From the visualisation of the differences in the sensory 

FIGURE 3
DISTATIS judges plot (A) and STATIS analysis (B) performed on the individual judge distance matrices.
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DISTATIS compromise map (A) and AHC dendrogram constructed from AHC performed on the coordinates of the DISTATIS 
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TABLE 2 
Pearson’s correlations coefficients and p-values calculated between correspondence analysis (CA) deviates representing 
sensory attributes and quality scores.

Correlation coefficients and correlation coefficient p-values

Quality of “the nose” Quality of “the palate” “Overall quality”
Sensory 
Attributes

Correlation 
coefficient p-value Correlation 

coefficient p-value Correlation 
coefficient p-value

Guava -0.22 0.59 -0.19 0.66 -0.21 0.61

Passion fruita 0.70 0.05 * 0.68 0.06 0.68 0.06

Grapefruit 0.45 0.26 0.51 0.19 0.48 0.22

Citrus -0.21 0.62 -0.21 0.61 -0.22 0.61

Asparagusa 0.69 0.06 0.70 0.05* 0.69 0.06

Peasa 0.79 0.02* 0.77 0.02* 0.78 0.02*

Green beans 0.19 0.66 0.10 0.81 0.14 0.74

Green peppera 0.77 0.03* 0.87 <0.01** 0.82 0.01**

Mineral/Flinty -0.26 0.54 -0.27 0.52 -0.27 0.52

Tropicala -0.82 0.01** -0.78 0.02* -0.80 0.02*

Melon -0.18 0.67 -0.27 0.51 -0.23 0.58

Green fig -0.42 0.30 -0.51 0.20 -0.47 0.24

Florala -0.77 0.03 -0.84 0.01 -0.80 0.02

Pear -0.58 0.13 -0.67 0.07 -0.63 0.01

Applea -0.80 0.02* -0.82 0.01** -0.82 0.01**

Tomato leaf 0.62 0.1 0.62 0.09 0.62 0.1

Green 0.60 0.12 0.51 0.20 0.55 0.16

Herbaceous -0.50 0.21 -0.38 0.35 -0.44 0.28

Gooseberry -0.13 0.76 0.00 0.99 -0.06 0.90

Grassa -0.86 <0.01** -0.84 <0.01** -0.85 <0.01**

Fruit salad -0.52 0.19 -0.59 0.12 -0.54 0.16

Cat pee 0.13 0.76 0.08 0.84 0.11 0.80

Pineapple 0.22 0.60 0.09 0.84 0.17 0.69
aSensory attributes that can be interpreted as drivers of quality with Pearson’s correlation coefficients between CA deviates corresponding to 
sensory attributes and quality scores ≥ 0.7. Attributes in blue are correlated with high quality and hence positive drivers of quality. Attributes 
in red are negatively correlated with quality and therefore negative drivers of quality.
Pearson’s correlation coefficient p-values: * ≤ 0.05, ** ≤ 0.01.

characteristics, specifically odour, aroma and flavour 
(Fig. 5), it can be concluded that wines E and F were perceived 
similarly and attributes such as “peas”, “green beans”, 
“asparagus”, “green”, passion fruit” and “grapefruit” were 
cited frequently for these samples. Wine A was perceived 
as having a general green notes with similar attributes cited 
frequently as for wine E and F. The differences between wine 
A and, E and F were due to the fact that “green pepper” was 
used by all the assessors to describe wine A and “passion 
fruit” was cited frequently for wine F and E.

Wines that were generally perceived as having a green 
character with attributes such as “green pepper”, “peas”, 
“green beans” and “asparagus” were scored high for quality. 

These wines, specifically wine A, F and E were, in addition 
to the green notes mentioned above, positively correlated 
with attributes such as “passion fruit”, “grapefruit”, “cat pee” 
and “tomato leaf” indicating that many of the judges cited 
these aromas for those wines. More specifically “cat pee” 
was cited frequently for wine A, “tomato leaf” for wines A 
and F and “passion fruit” for wine F and E and “grapefruit” 
for wine A, F and E. It is interesting to note that these wines 
were negatively correlated with notes such as “pineapple” for 
wine B and E, “fruit salad” for wine A and F and “tropical” 
for wine B and E. It appeared if green notes in general are 
associated with high quality South African Sauvignon Blanc 
wines, with “grass” as the exception for this sample set. The 
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fact that “grass” was not associated with high-quality could 
be due to the overpowering effect of the “green pepper” notes 
in the high-quality wines masking the “grass” in those wines 
and might not have been perceived by the judges. Another 
possibility could be that judges choose to use the term 
“green” by considering that the “grass” note was included 
in the more general “green” description. The possibility 
is not ruled out that some bias may have been introduced 
in the judges’ evaluations due to the specific sensory 
methodology used, or during the attribute combination step 
in the descriptor clean-up. Different criteria for combining 
attributes could be considered, for example, combining 
attributes belonging to the same attribute family rather than 
based on citation frequencies. This is the first report where 
“grass” was negatively correlated with notes such as “green 
pepper” and “asparagus”. Generally grass notes for New 
World Sauvignon Blanc wines such as Australian and New 
Zealand wines are associated with high quality (Parr et al., 
2006). ”Grass” is frequently combined with “green pepper” 
and other green notes. In order to draw conclusions on the 
association of the “grass” note with the quality of Sauvignon 
Blanc wines further investigation, where a larger number 
of South African Sauvignon Blanc wines are included and 

different sensory methods for profiling are used, is needed. 
Wines with general tropical fruit characteristics, “fruit salad” 
and “apple” were scored lower for quality, while wines with 
“passion fruit” notes were scored higher.

Figure 5 provides researchers and industry professionals 
with a sensory map or graph to identify the drivers of wine 
quality by visualising sensory attributes and quality, with a 
single graph. This plot can be used as a final visualisation 
tool, but the necessary quality control steps, to ensure that the 
wines differ significantly in quality should still be conducted 
on the data. The following steps are recommended as quality 
control steps: (1) evaluate judge consensus by interpreting 
the confidence ellipses on the DISTATIS graph; (2) conduct 
ANOVA to ensure that quality differences between wines are 
significant; and (3) identify drivers of quality by computing 
correlation coefficients instead of only inspecting the final 
graph containing all the information. Clustering can be 
used to identify groups of samples, but inspection of the 
DISTATIS graph only to identify groups, might in many 
cases be sufficient.

FIGURE 5
Multivariate sensory map used to illustrate drivers of quality. The map includes a number of elements. 1) A two-dimensional 
DISTATIS compromise map with products using ● in purple as markers. These markers are sized according to the overall 
quality scores. 2) The projection of the Pearson’s correlation coefficients between sensory attributes used and the DISTATIS 
product coordinates indicated with ▲, ♦ and ■ as markers. Attributes and ♦ markers in blue indicate attributes that are positive 
drivers of quality being positively correlated with high quality wines. Attributes and ■ markers in red represent attributes 

negatively correlated with quality and can be noted as negative drivers of quality.
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Relationship between Sauvignon Blanc “palate” quality 
and taste, mouthfeel and chemical analysis
Taste and mouthfeel attributes, anticipated to be drivers of 
the “palate” quality score, were only cited by a few judges. 
The frequencies at which these attributes were cited were not 
high enough to include these attributes in the statistical data 
analysis, since less than 20% of the panel cited similar taste 
and mouthfeel attributes. Taking the technical information and 
chemical analysis of the wines (Table 1) into consideration, 
it could be seen through inspection that the quality of the 
wines was not dependant on, or correlated with the chemical 
values of pH, titratable acidity (TA), residual sugar (RS) or 
alcohol. Wines A and E were perceived as the highest quality 
wines, with no significant difference between the two. Wine 
A had an alcohol content of 12.5% v/v and wine E 14.0% 
v/v, spanning the minimum and maximum range for the set 
of samples. These two wines were also different with regards 
to TA content with wine A having 8.5 g/L, the highest of 
all the wines, and wine E 6.7 g/L, the second lowest of all 
the wines. The wine with the lowest residual sugar content 
(1.3 g/L), wine G, and the wine with the highest (3.3 g/L), 
wine B, did not differ significantly with regards to quality 
either. From these observations it seemed as if retronasal 
perception related to the flavour of the wines played the 
most important role in the perception of the “palate” quality 
rather than taste perception such as sweet and sour and the 
perception of alcohol burn. It was noted by Sáenz-Navajas 
et al. (2016) that the concepts of wine taste and mouthfeel 
quality are build only in context with wine odour and aroma 
quality. This means that the quality of a wine as perceived 
on the palate is mostly based on flavour and balance of the 
wine rather than the perception of the individual basic tastes 
(sweet, sour and bitter) and moutfeel sensations (astringency 
and alcohol burn).

CONCLUSIONS
Both the quality assessment and description of the sensory 
characteristics at smaller cellars are conducted as a tasting 
accompanied by a discussion of opinions. In cases where 
formal sensory analysis is used in combination with quality 
scoring, methods based on quantitative descriptive analysis 
(Stone & Sidel, 2004; Lawless & Heymann, 2010) such 
as descriptive analysis (DA), that involves extensive panel 
training is used. 

The procedure presented in this article can be useful 
for the South African wine industry to obtain fast, objective 
scientific sensory data for relating sensory characteristics to 
quality. This procedure can be used in-house by cellars to 
relate quality parameters to intrinsic sensory properties like 
odour, aroma, flavour, taste and mouthfeel characteristics. 
However, taste and mouthfeel attributes were not identified 
as drivers of quality during this study. Colour was not a major 
role player in overall quality. It might therefore be sufficient 
to only score overall quality instead of the appearance, the 
“nose” and the “palate” quality separately. When quality as 
perceived specifically on the “palate” is required a different 
strategy should be investigated. 

The most time-consuming part of this method was the 
reduction of the number of attributes through combination 
of similar attributes. Further research is needed to identify 

and address possible biases introduced with this step. We 
propose the combination of attributes belonging to the same 
descriptor family as an alternative when specific detail is not 
required.

The method could be used in a similar way to preference 
mapping (McFie & Thomson, 1988; Van Kleef et al., 2006; 
Lawless & Heymann, 2010) constructing sensory maps 
where liking data, obtained from consumers, are combined 
with profiling data. As opposed to classical preference 
mapping where quantitative descriptive analysis (QDA) data 
is used for profiling, sorting data could be used as profiling 
step to determine drivers of liking. It has been shown that 
both consumers and wine industry professionals have the 
ability to profile wines using sorting (Bester 2011). However, 
it should be kept in mind that the quality perceptions of wine 
by industry professionals do not necessarily correlate with 
consumer preference, liking and acceptance. It is therefore 
recommended that complementary consumer studies are 
used for marketing studies and testing consumer perception. 
This should be used during product development and to 
acquire analytical sensory data on quality and profiling of 
wines. 

This type of data will correspond better to wine 
competition data than consumer perceptions since wine 
experts are used as judges during competition tastings. 
Another application could be to relate both quality data, from 
professionals and liking data, from consumers to intrinsic 
sensory properties using a similar procedure to the one 
presented in this article. The results obtained could be useful 
for benchmarking, product development and marketing 
where it is often crucial to relate quality perception of a 
product to the intrinsic, sensory characteristics like odour, 
aroma and flavour perception.

This procedure is particularly suited for industry 
applications for a number of reasons. Tasting groups 
consisting of industry professionals are common. Sorting is 
a relatively easy task that does not require sensory training 
and can be performed by experts as well as novices. A 
single graph can provide information regarding the quality 
and sensory characteristics of the products. It is a fast, low 
cost, objective scientific method and the results are easy 
to interpret providing key information useful for product 
development and marketing.
This method could be equally useful in research, as a rapid 
sensory tool, where the differences between wines in terms 
of quality or liking are needed to supplement research in 
oenology and viticulture. 
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