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Abstract - Wine taster comments and ratings provided 
to aid potential wine buyers are a useful source for 
modelling the effects of short term climate variations on 
wine quality. The paper describes how web text mining 
and statistical data analysis methodologies can be 
applied to studying the correlations between taster 
comments and ratings (or liking scores) of 1540 wines 
from New Zealand.  With this new information on the 
correlations, it is possible to model the wine vintage-to-
vintage variations for a wider project that is aimed at 
modelling the inter dependencies between grape wine 
sensory properties and “terrior” attributes (climate, soil 
and terrain) as well as “cultivars” (varieties) with data 
(historic) to predict grape vine varieties for short (micro) 
and long (macro) term future climate change scenarios. 
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1 Introduction 

  Wine comments in free text format and ratings 
(numeric data) consist of valuable information for 
potential wine buyers as well as researchers.  These 
comments and other structured data relating to the 
vintage of 1540 New Zealand wines being studied herein 
are from (www.wineenthusiast.com), a web magazine 
called ‘Wine Enthusiasts’ The wine comments are posted 
on the Internet by Master Sommeliers (famous wine 
tasters/ experts) based on wine sensory properties (such 
as ortho-, retro- nasal and taste), to aid consumers buying 
wine online, and these comments can be used to analyse 
short term climate/vintage-to-vintage variations in wine 
quality.  

The work discussed in this paper is part of a wider 
research programme that is aimed at modelling the 
correlations between wine sensory properties and 
“terrior” attributes (such as climate i.e., weather 
conditions, environment, i.e., soil, terrain) and “cultivars” 
(varieties) for successful grape growing and winemaking.  
The overall aim of the overarching research project is to 
build computational models to further our knowledge on 

the effects of various relevant and dependent factors that 
play a major role in grapevine phenology and thereby on 
wine quality.  The models are built using data from 
historical records, remote weather monitoring devices and 
plant response sensors. The model dependencies 
established between relevant factors, such as climatic, 
and environmental conditions, plant growth and wine 
quality will then be applied to predicting grapevine 
varieties for future long and short term climate variation 
scenarios.  See [1], [2] for more details on the main 
project concept. 
 
1.1 Climate effects on grapes and winemaking 

Grapevine growing for winemaking is limited to narrow 
geographical zones that provide the most favourable 
environmental conditions needed for ripening so-called 
“ideal” quality grapes i.e., with optimum sugar without 
compromising colour, aroma and flavour component 
proteins. Of the factors that are categorised under 
“terrior”, arguably climate exerts the major influence on 
a region’s or site’s ability to produce quality grapes and 
in turn finer wine in that particular appellation. While the 
average climate of a wine region determines the 
grapevine variety (for producing the wine appellation) 
that has been known to be suitable for the region, 
vintage-to-vintage wine production and quality are to a 
greater extent influenced by the factors that are site 
specific, viniculture practices and short term climate 
variability [3].  Based on this general notion the paper 
looks at the approaches investigated to analysing the 
vintage-to-vintage variations in wine sensorial properties 
(or descriptors) in text and ratings in numeric formats 
that could be ultimately extended for modelling the 
correlations between weather conditions that portray 
short term climate variations of a wine region or site. 

1.2 Text mining the wine expert comments 

Limited literature on the use of qualitative descriptors on 
wine sensory properties (extracted from expert 
comments) reveals that conventional data analysis and 
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mappings do not well reflect the correlations between the 
descriptors and their ratings. Of these work major 
approaches are outlined in section 2. The next section 
elaborates on the methodology and results achieved with 
web text mining (WEBSOM approach is based on an 
unsupervised neural network called Kohonen nets) [4], 
[5], and statistical methodologies for establishing the 
relationships between wine descriptors and ratings in this 
research.  Section 4 consists of a discussion on the 
methods so far investigated and the paper concludes with 
major directions for future work. 
 
2 Analysing wine taster comments 
 
The following is a brief outline on literature reviewed on 
studying the correlations between wine descriptors and 
ratings made by wine tasters for potential online buyers 
 
2.1 Rating of wines through scores and 

free-text assertions 
In [6], by applying principal component analysis (PCA) 
authors created a wines x scores table, a low dimensional 
representation with preference mapping and synthetic 
scores formulated for wines analysed. In this study 
authors used wine descriptor words extracted from taster 
comments with conventional text mining approach to 
establish the correlation between free text comments and 
synthetic scores.  This study demonstrated an interesting 
approach to overcome the issues relating to collectively 
analysing qualitative (in free text) and quantitative data. 
 
2.2 Relationships between liking ratings and 
wine sensory descriptors 
In another study [7] researchers used pairs of liking 
ratings and the intensity of 14 wine descriptors originally 
collected for statistical analysis (partial and least square 
regression) to create a second map with liking ratings on 
y axis and the sensory descriptive data of the wines on x 
axis.  The model only accounted for 25% of the variation, 
described to be very low, hence the authors cautioned 
readers on the use of their results that failed to explain the 
driving factors for the remaining 75% of the variation, a 
majority of the wine taste data sample obtained from a 
trained panel to rate the intensity of each 14 wines used. 

 
3 Methodology and data 
This work is an extension of the use of web text mining 
approach investigated in [8], [9] with 95 New Zealand 
wines for analysing wine descriptors extracted from 
sommelier comments posted in an online web magazine 
called “Wine Enthusiast”  [10].  In this paper, 1540 New 
Zealand wine comments from the same source are used 
for comparing the WEBSOM results with that of 
conventional statistical analyses.  The following are the 
major steps adopted to produce a matrix of meaningful 
wine descriptor (weighted) based on their presence in the 
sommelier comments: 

1) pre-process web text to a text file,  

2) remove stop words 
3) reduce verbs to lemmas (verb base) using standard 

a stemming algorithm i.e., porter stemmer. 
4) discard very rare and common words based on 

wine chart of words listed in [11] 
5) prepare wine descriptors x weight matrix based on 

the occurrence of each descriptor chosen, based on 
its presence in each wine comment and the 
collection of comments.  The weighted wine 
descriptor frequency matrix is calculated using the 
well-known Salton vector space model based on 
formula (1) [12]. 

 
       

  (1)  
Where,  
tfi = term frequency (counts) or number of times a 

term i occurs in a document.   
dfi = document frequency or number of documents 

containing term i  
D = number of documents in the collection/database. 
6) merge text and numeric data into one table 

 
At the end of step 3 the wine descriptor matrix had 3206 
with misspelt words and step 4 brought down the matrix 
size to 234 wine descriptors. 
 
3.1 WEBSOM approach 
Using a SOM, the 234 wine descriptors are grouped into 
20 clusters based on their weighted co-occurrence 
frequencies (Figure 1).  The profiles of these wine 
descriptor groups (clusters) are analysed to model the 
vintage-to-vintage variations and are discussed herein. 

3.1.1 Pinot Noir of Canterbury (1998-2004) 
Ten Pinot Noir wines of Canterbury produced from 1998 
- 2004 are analysed using the SOM components (Figure 
2) as well as a graph (Figure 3) to see how any correlation 
between vintage-to-vintage wine descriptor frequencies 
and liking ratings could be modelled using the WEBSOM 
approach.  The findings of this analysis are:  

1) From the graph (Figure 3), it is clear that the 
presence of both clusters C3 and C4 descriptors 
raise the ratings to 86-87 in 3 of the 4 high rated 
wines in this category. 

2) The presence of C4 descriptors alone increases 
ratings but not with that of C3 alone. C9, C13 and 
C15 descriptors are present in both high (86) and 
low (80) ratings.  Hence, their presence seems to 
be “non contributory” in the rating scores. 

3) Wine descriptors of C9 (soft,  solid,  veget,  
winemak, bai,  bottl and herbac), C12 (gooseberri, 
acid  bright  fruiti  intens) and C16 (pear, 
chardonnai, oak, peach,  pineappl,  spice, vanilla, 
butter and  toast)  certainly have negative 
influence in the ratings in this class.  

4) C 10 (firm  and structur) and C17 (full) have 
positive influence on the ratings. 



 

 

 
3.1.2 Pinot Noir (PN) of Central Otago (1998-2006) 
In graph (Figure 4) of 84 Pinot Noir wines of Central 
Otago (from 1998 to 2008) the presence of certain wine 
descriptors clearly depicts the low and high ratings.   

1) In this graph, the wines with low ratings (81-87 on 
the right of the graph) do not consist of C 3 or C4. 
The above wines as well have higher average values 
for C18 (grapefruit and herbal) descriptors 
implying as having negative influence on the wine 
taste.  

2) Furthermore, C 10 (firm and structur) and C17 (full) 
descriptors are hardly used for this rating range. 

3) Mid range wine of the category do have a mix of 
both descriptors. 
 

 Conventional statistical data analysis methodologies 
are carried out to further refine and verify the results 
obtained with the WEBSOM approach and are elaborated 
upon in the next section. 

 
Figure 4. Graph showing average frequencies of wine 
descriptors extracted from sommelier comments made for 
Pinot Noir (central Otago NZ 1998-2008). On x axis from 
left to right, are wines from high to low ratings in 
descending order. Higher ratings contain more of C3 and 
C4 and low rated have more of C18 and less of C3 & C4.   

Figure 3. Graph showing average values of wine 
descriptor frequencies (clusters 1-20) in Canterbury, 
New Zeeland Pinot Noir wines of 1998-2004 

Figure 2. SOM components of wine descriptors in Pinot 
Noir wines from Canterbury, New Zealand (1998-2004). 
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Figure 1: SOM of 234 weighted wine descriptor 
frequencies in 1540 New Zealand wines being analysed.   



3.2   Statistical data analysis  

The results of discriminant and linear regression analysis 
thus far conducted in this research show promising results 
in predicting the ratings within the mid range.   

3.2.1 Discriminant analysis results 
Stepwise discriminant analysis ran with the 234 wine 
descriptors for the 1540 New Zealand wines produced 11 
steps with 0.564 Wilk’s Lamda for 11th word (full).  
Classification results of the linear regression showed 15 
rating classes (80 - 94) and cross validation done with the 
11 functions classified 19.8 % correctly for grouped cases 
of ratings with 88-91. 

3.2.2 Regression analysis 
Linear regression ran on the wine descriptor matrix 
produced 66 models and the final model consists of 67 
predictors. Of these wine descriptors “rich” has the 
highest positive correlation and “tart” highest negative. 

 
4 Discussion 
WEBSOM approach to modelling wine descriptors is 
seen to be useful in establishing the correlations between 
descriptors and ratings. Graphs of wine descriptor group 
profiles (of WEBSOM) in Pinot Noir of both Canterbury 
and Central Otago show clear distinction between the 
comments given for high and low rated wines.  However, 
statistical methodologies, discriminant and linear 
regression, thus far investigated show the wine 
descriptors consist of positive and negative correlation to 
liking ratings and vintage-to-vintage variations but with 
very low percentages and only for the ratings within mid 
range.   

  
5 Conclusions 
Both WEBSOM and statistical analysis results show that 
wine comments do have a correlation with ratings as well 
as vintage-to-vintage variability but further research is 
warranted on validating the results.  Hence, it is 
concluded that further analysis is carried out using the 
same techniques and wine comments but with wine 
comments be analysed separately with respect to their 
region and style or appellation. 
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