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yr1997 yr1998 yr1999 yr2000 yr2001 yr2002 yr2003 yr2004 yr2005 yr2006

Sum of C 1: finish, black, open, vintag 0.147 0.612275 0.3865 0.306125 0.2835 0.034125 0.06825 0.1365 0.102375

Sum of C 2: fruit, miner  nectarin, complex  fresh  intens, refresh 0.025942857 0.344914284 0.103771428 0 0 0.228785714 0.271771431 0.025942857 1.16502858

Sum of C 3: zesti, honei, soft  sweet, white 0.4176 0.4 0 0.2 0 0 0.53522 0 0.3352

Sum of C 4: acid  pear  toast, bodi  fine  full, dry  rich 0.13425 0.3913 0.363575 0 0.222275 0.1736375 0.5035375 0.0735 0.3657625

Sum of C 5: citru  peach  pineappl, bottl  structur 0.22272 0 0.1148 0.21022 0.04772 0.16532 0.31536 1.1386 0.10512

Sum of C 6: melon, butter  round  spice  subtl 0.4227 0.55004 0 0 0.1176 0.1 0 0.4403 0

Sum of C 7: smoke, herbac 0.48855 0 0.97715 0 0 0.3891 0.19455 0 0

Sum of C 8: cherri  tart, mocha 0 0.2594 0.2594 0.3257 1.15233333 0 0.14583333 0.14583333 0

Sum of C 9: lemon, lime 0.544 0 1.08805 0 0.25 0 0 0 0

Sum of C 10: ripe, appl  balanc  crisp  tropic 0.17782 0.17502 0.17502 0 0 0.2051 0.43064 0.16532 0.54824

Sum of C 11: dri  herb  smoki 0 0 0 0.95073333 0.72536667 0.72536667 0 0 0

Sum of C 12: oaki, live 0 0 0.58805 0 0.294 0 0.588 0 0

ssd/meanT 1.814285714 1.928571429 1.571428571 1.657142857 1.557142857 1.471428571 1.528571429 1.714285714 1.814285714 1.657142857
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Figure 2. Histogram of Kumeu (New Zealand) wine descriptor frequencies in each year from 1997 - 2006, obtained from 12 clusters of a SOM (of 45 nodes and clustered 
using SOM cluster indicator) created with 51 variables (wine descriptor frequencies calculated using formula (1) (section 3) for 30 cases / Kumeu wine comments being 

analysed with the WEBSOM approach herein). The descriptor values in the graph are calculated by adding the descriptor frequencies of the Kumeu wines produced in the 
same year.  For example, yr1997 values were calculated by adding each of the 12 cluster profiles for Kumeu Chardonnay 1997 rated 90 and sold at $25/ bottle, Kumeu Mate’s 
village Chardonnay 1997 rated 90 sold at $40/bottle as well as Kumeu 1997 Sauvignon Blanc rated 88 sold at $17/bottle. Hence, each year on x axis consists of 12 wine group 

descriptor frequencies for that year (1 through 12) and lastly, standard deviation/ mean temperature (ssd/meanT), as vertical bars and this enables to visualise the absence/ 
degree of descriptor presence against the temperature variation. An interesting observation that could be made from the graph is that year 1998, with the highest ssd/meanT 
within the period analysed herein consists of high descriptor frequencies for clusters C 2, C 3, C 6 and C 10 descriptors.   Meanwhile, year 2002 with the lowest ssd/meanT 
consists of higher frequencies for C 5, C 8 and C 11 descriptors.  Discriminant analysis ran on the data set produced 11 words (boxed in the left) as contributing factors in 

determining the variable vintage (or year considered as a dependent variable on the 11 descriptors).  C1 descriptors are present in all years.  ssd/meanT: standard deviation of 
daily mean temperature for the growing season (Sep.-April).  Source for temperature data: National Institute for Water and Atmospheric Research (NIWA). 
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New Zealand wines and wineries 
New Zealand is generally classified as a cool-climate grape area with a growing season of 7-8 months 
(September-April) and heat units in the grape producing regions ranging from 950 - 1500 Degrees oC days – 
base 10 oC, an index adopted to describe grapevine ecology (Jackson, 1983).  New Zealand wine regions and 
appellations produced from these regions are listed in table 1, Kumeu falls within the Auckland region. 

Wine descriptors and growing season mean temperature variation in Kumeu wines (1997-2006) 
In a SOM (Figure 1) created with 51 wine descriptors (extracted from comments of 30 Kumeu wines 
produced during 1997-2006) are grouped into 12 clusters based on their weighted word co-occurrence 
frequencies. The profile of these wine descriptor clusters for each year from 1996 to 2007 (Figure 2) are 
analysed to see the vintage-to-vintage variations in descriptors and any correlation/s between these and the 
standard deviation in mean temperature (growing season i.e., September - April) of the grapes that produced 
the wines) and are discussed herein.  The histogram of these 12 SOM cluster profiles show that the plot for 
year 1998, with the highest ssd/meanT within the period analysed, consisting of higher descriptor frequencies 
for clusters C 2, C 3, C 6 and C 10 descriptors.   Meanwhile, year 2002 with the lowest ssd/meanT consists of 
higher frequencies for C 5, C 8 and C 11 descriptors. Temperature data used herein was obtained from 
National Institute of Water and Atmospheric Research (NIWA:http://cliflo.niwa.co.nz/pls/niwp/wstn.get_stn) 
Discriminant analysis ran on the 51 wine descriptors produced 11 of them as contributing factors in 
determining the variable class vintage and is discussed in the next section 

4. DISCRIMINANT MODEL FOR PREDICTING THE VINTAGE USING WINE DESCRIPTORS  

A discriminant model developed with 7 functions to predict the 9 vintage classes (1997-2006, both inclusive 
leaving out 2001) with 11 wine descriptors of the total 51 (of 30 Kumeu wines) along with their  standardized 
canonical and coefficient discriminant functions are presented in figures 3 and 4. The model correctly 
classified 76.7% of original grouped cases and 50.0% of cross-validated grouped cases (30 cases in total).  
The results show that there are correlations between temperature variations and some descriptors. 

CONCLUSION 

Both WEBSOM and disciminant results show that wine descriptors in sommelier comments could be used to 
model the vintage-to-vintage variability in the 30 Kumeu, New Zealand wine sample studied in this work. It 
is hereby concluded that to find the robustness of this model, samples consisting New Zealand and Chilean 
wines are ran using the same techniques and more climate variables, such as max, min monthly Temperature.  

Variables Entered/Removed a,b,c,d 
Step Entered   Residual Variance 
1 spice-42 29.138 
2 sweet-45 22.022 
3 pineappl-34 17.459 
4 dri-12 13.715 
5 complex-10 11.796 
6 zesti-51 9.902 
7 citru-9 7.384 
8 fresh-16 5.851 
9 open-31 5.038 
10 tropic-48 3.675 
11 structur-43 3.124 

Standardized Canonical Discriminant Function Coefficients Function 
 1  2 3 4 5 6 7 

citru-9 -2.473 .591 .211 .553 -.764 .604 -.950 
complex-10 12.264 -1.558 1.124 1.146 -.768 .863 -.452 
dri-12 -10.025 1.610 .192 .012 .424 -.011 .608 
fresh-16 -7.063 .772 -.648 -.850 1.166 -.046 -.132 
open-31 4.818 1.016 -.878 -.044 -.420 .389 -.321 
pineappl-34 5.751 1.290 1.193 -1.262 -.019 .184 .192 
spice-42 5.799 1.292 .821 .241 .202 .036 -.252 
structur-43 -3.040 -1.417 -1.103 .493 .175 -.116 .535 
sweet-45 -3.033 2.587 -.343 -.286 .750 -.457 .367 
tropic-48 -1.467 -.170 1.220 .504 .094 .487 .319 
zesti-51 7.981 -.342 -1.257 .084 -.171 .348 .116 

At each step, the variable that minimizes the sum of the unexplained variation for all pairs of groups is entered. 
a. Maximum number of steps is 104. b. Maximum significance of F to enter is .05. c. Minimum significance of F to remove 
is .10. d. F level, tolerance, or VIN insufficient for further computation. *** The discriminant analysis was based on 
variables being entered into the model using the 0.05 significance level (as described in the caption to Figure 3). Hence, 
all variables in the final model are significant, irrespective of the original number of samples used in the analysis. While 
the number of variables (51) exceeds the number of samples (30), the discriminant model has chosen only 11 variables 
for distinguishing among the 30 samples. While an increased number of samples would have been desirable, the 
significance results indicate that there is sufficient variance in the data to identify the important variables. Kuemeu 
wines were chosen since they form a distinct sub region of Auckland wines, allowing for control over regional variations 
such as those that would occur if Marlborough wines were chosen. Marlborough contains so many wineries that other 
factors, such as terrain and soil, would confound the analysis.***   

Figure 3 (left). The 11 Kumeu wine descriptors found to be major contributing factors and their contribution in 
vintage-to-vintage variations within the period of 1997-2006.  

Figure 4 (right). Coefficients of the seven functions used in the prediction of 9 classes of wines vintage 1997-
2006 (both included leaving out 2001) that describe the relative impact (positive, negative) of descriptors. 
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