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Abstract. We present how the supervised machine learning techniques can be 
used to predict quality characteristics in an important chemical engineering ap-
plication: the wine distillate maturation process. A number of experiments have 
been conducted with six regression-based algorithms, where the M5’ algorithm 
was proved to be the most appropriate for predicting the organoleptic properties 
of the matured wine distillates. The rules that are exported by the algorithm are 
as accurate as human expert’s decisions.  

1   Introduction 

There are many chemical engineering processes, where the quality characteristics of 
the product cannot be measured objectively either on-line due to the lack of proper 
sensors or off-line due to the absence of any measuring devices [11]. In these cases, a 
human expert is employed to assign the product quality characteristics to certain pre-
defined categories (classes), based on his experience and perceptions. The procedure 
of employing a human expert to perform the classification usually requires the inter-
ruption of the process in order to collect a sample. Furthermore, this way of classify-
ing the product quality is very subjective and may lead to significant errors, especially 
when the same expert is not always employed to perform the classification [2], [7]. 

A different approach to classify quality parameters is to use supervised algorithms 
in order to automate the process. In this paper, we present how the supervised ma-
chine learning techniques can be used to predict quality characteristics in an impor-
tant chemical engineering application: the wine distillate maturation process. 

The case under study is a part of the maturation process of METAXA Distilleries, 
a Greek aged wine distillates producing company. The firm has the problem of blend-
ing aged distillates to produce a series of final products of different quality specifica-
tions. Since most distillates characteristics cannot be accurately modelled as a func-
tion of their organoleptic properties, a system that anticipates automatically this rela-
tionship is of at most importance for the blending process engineer. 



The following section describes in brief the problem and the dataset of our study. 
In section 3 we present the basic design issues of the supervised machine learning 
techniques that are used here. Section 4 compares the experimental results obtained 
by these techniques, while the concluding remarks are given in section 5. 

2   Problem and data description 

Freshly distilled spirits such as wine distillates, whiskies and rums have pungent, 
unpleasant odorous and sharp taste. The organoleptic properties are improved by 
storing the distillates in oak barrels for several years. During this process, which is 
known as maturation process, a number of wood components are extracted and many 
chemical reactions take place. However, due to the plethora of factors that affect the 
maturation process such as immature distillate, size, nature and usage of the barrel, 
environmental conditions etc., the maturation mechanisms are not completely under-
stood. Furthermore, there is no reliable chemical or physical index that can indicate 
the progress of the maturation process. 

The case under study is a part of the maturation process of S&E&A METAXA 
Distilleries S. A., a famous Greek aged wine distillates producing company. Until 
today, an expert tries some samples from the barrels and carries out the product qual-
ity classification, based on his perceptions. It is clear that a system, which can auto-
matically anticipate the organoleptic properties of the distillates, based on some other 
accurately measured distillate characteristics, is of main importance. We applied 
supervised machine learning algorithms to develop models for the classification of 
the aroma and taste of the distillate. The intensity of aroma is of relative importance 
since it is basically a measure of quantity. Persistence of aroma is an indication of 
quality, particularly in the lingering bouquet of a mature wine. 

For the aroma and taste prediction, we are based on the following input parame-
ters: 

• x1=barrel usage (the number of refills of each barrel) 
• x2=barrel age (in years) 
• x3=distillate age (in years) 

The available data consisted of 170 input–output pairs [11]. The output values in the 
data set are the classifications for the aroma (y1) and taste (y2), which were given by 
the expert using discrete values ranging from 0 to 10, with a step of 1, where 0 and 10 
correspond to the worst and finest quality, respectively. This dataset reflects long 
years of knowledge and experience about the process and consequently, until now it 
is usually used for the suggestion of suitable distillates to obtain a consistent blend 
from one production batch to the next. 

Given ordered classes, one is not only interested in maximizing the classification 
accuracy, but also in minimizing the distances between the actual and the predicted 
classes. The usage of regression algorithms to solve ordinal classification problems 
has been examined in [5]. In this case each class needs to be mapped to a numeric 
value. Another approach is to reduce the multi-class ordinal classification problem to 
a set of binary classification problems using the one-against-all approach [4]. Because 



the problem can be solved either with regression techniques or ordinal classification 
techniques we present both techniques in the next section. 

3   Supervised machine learning techniques 

The problem of regression consists in obtaining a functional model that relates the 
value of a target continuous variable y with the values of variables x1, x2, ..., xn (the 
predictors). This model is obtained using samples of the unknown regression func-
tion. These samples describe different mappings between the predictor and the target 
variables.  

For the propose of our comparison the six most common regression techniques 
namely Model Trees and Rules [12], Neural Networks [6], Linear regression [3], 
Locally weighted linear regression [1] and Support Vector Machines [10] are used. In 
the following we will briefly describe these regression techniques. 

  Linear regression (LR) is the simplest statistical technique used to find the best-
fitting linear relationship between the class and its predictors (other features).  

0 1 1i ky xβ β β= + + +L ikx

ik

 

Find values of beta that minimize Q:  

2

0 1 1 2 2

1

( ( ... ))
n

i i i k

i

Q y x x xβ β β β
=

= − + + + +∑  

  Note that nominal features with n values are converted into n-1 binary features 
and a Wald test is used to test the statistical significance of each coefficient (βι) in the 
model [3].  

  Model trees are the counterpart of decision trees for regression tasks. Model trees 
are trees that classify instances by sorting them based on attribute values. Instances 
are classified starting at the root node and sorting them based on their attribute values. 
The most well known model tree inducer is the M5΄ [12]. A model tree is generated 
in two stages. The first builds an ordinary decision tree, using as splitting criterion the 
maximization of the intra-subset variation of the target value [13]. The second prunes 
this tree back by replacing subtrees with linear regression functions wherever this seems ap-
propriate. 

  M5rules algorithm produces propositional regression rules in IF-THEN rule for-
mat using routines for generating a decision list from M5΄Model trees [13]. The algo-
rithm is able to deal with both continuous and nominal variables, and obtains a piece-
wise linear model of the data.  

  Artificial Neural Networks (ANNs) are another method of inductive learning 
based on computational models of biological neurons and networks of neurons as 
found in the central nervous system of humans [6]. Regression with a neural network 
takes place in two distinct phases. First, the network is trained on a set of paired data 
to determine the input-output mapping. The weights of the connections between neu-
rons are then fixed and the network is used to predict the numerical class values of a 
new set of data. Back Propagation (BP) is the most well known technique for training 
ANNs. 



  Locally weighted linear regression (LWR) is a combination of instance-based 
learning and linear regression [1]. Instead of performing a linear regression on the 
full, unweighted dataset, it performs a weighted linear regression, weighting the train-
ing instances according to their distance to the test instance at hand. This means that a 
linear regression has to be performed for each new test instance, which makes the 
method computationally quite expensive. However, it also makes it highly flexible, 
and enables it to approximate non-linear target functions.  

The sequential minimal optimization algorithm (SMO) has been shown to be an ef-
fective method for training support vector machines (SVMs) on classification tasks 
defined on sparse data sets [9]. SMO differs from most SVM algorithms in that it 
does not require a quadratic programming solver. In [10] SMO is generalized so that 
it can handle regression problems (SMOreg). This implementation globally replaces 
all missing values and transforms nominal attributes into binary ones. 

As we have previously mentioned the presented problem can be also solved by or-
dinal classification techniques. The most sophisticated approach that enables standard 
classification algorithms to make use of ordering information in ordinal class attrib-
utes is presented in [4]. This method converts the original ordinal class problem into a 
series of binary class problems that encode the ordering of the original classes. How-
ever, to predict the class value of an unseen instance this algorithm needs to estimate 
the probabilities of the k original ordinal classes using our k − 1 models. For example, 
for a three class ordinal problem, estimation of the probability for the first ordinal 
class value depends on a single classifier: Pr(Target < first value) as well as for the 
last ordinal class: Pr(Target > second value). Whereas, for class value in the middle 
of the range, the probability depends on a pair of classifiers and is given by  

Pr(Target > first value) * (1 − Pr(Target > second value)). 

4   Experiments Results 

All accuracy estimates were obtained by averaging the results from 10 separate runs 
of stratified 10-fold cross-validation. In cross-validation technique, the training set is 
divided into mutually exclusive and equal-sized subsets and for each subset the re-
gressor is trained on the union of all the other subsets.  An estimation of the regres-
sor’s criterion is then the average of the error rate of each subset.  

It must be mentioned that we mainly used the free available source code for our 
experiments by the book [13]. For our problem the regression criteria are most suit-
able. However, there isn’t only one regressor’s criterion. Table 1 represents the most 
well known. Fortunately, it turns out that in most practical situations the best regres-
sion method is still the best no matter which error measure is used. 
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In Table 2, the regressors’ criteria for each algorithm for aroma estimation are pre-

sented.  
 
Table 2. Aroma 

 M5΄ BP LR LWR SMOreg M5rules Ordinal 
technique 

Mean abso-
lute error 

0.45 0.83 0.78 0.72 0.76 0.46 0.50 

Root mean 
squared error 

0.56 1.01 0.93 0.86 0.97 0.56 0.67 

Relative 
absolute error 

22.48 40.93 38.52 35.71  37.21 22.69 24.70 

Root relative 
squared error 

22.16 40.27 36.86 34.11 37.95 22.34 26.71 

 
In Table 3, the regressors’ criteria for each algorithm for taste estimation are pre-

sented.  
 
Table 3. Taste 

 M5΄ BP LR LWR SMOreg M5rules Ordinal 
technique 

Mean abso-
lute error 

0.62 0.88 0.76 0.75 0.75 0.64 0.80 

Root mean 
squared error 

0.79 1.10 0.96 0.95 0.98 0.81 0.98 

Relative 
absolute error 

25.31 36.09 31.23 30.85 31.02 26.29 32.64 

Root relative 
squared error 

28.06 39.37 34.42 33.75 35.02 29.08 34.72 

 
According to the results, the M5’ is the most accurate algorithm to be used for our 

problem. An advantage of M5’ except for its better performance is its comprehensi-
bility. In figure 1, we present the produced rules for the prediction of wine aroma by 
the M5’ algorithm. 

 
 



distillateAge <= 3.33 : LM1 (51/23.386%) 
distillateAge >  3.33 :  
|   distillateAge <= 8 : LM2 (86/25.419%) 
|   distillateAge >  8 : LM3 (33/20.786%) 
 
LM num: 1 
FinalScore = -0.1313 * barrelUsage - 0.0594 * barrelAge + 1.6481 * distillateAge + 2.0491 
 
LM num: 2 
FinalScore =   -0.2139 * barrelUsage - 0.0479 * barrelAge +0.4957*distillateAge + 

6.2112 
 
LM num: 3 
FinalScore =  -0.1134 * barrelUsage - 0.0705 * barrelAge +0.5631 * distilla-

teAge+6.1581 

Fig. 1. M5’ model tree for aroma prediction 

In figure 2, we present the produced rules by the M5’ algorithm for the prediction 
of wine taste. 

 
 
distillateAge <= 6.67 :  
|   distillateAge <= 1.68 : LM1 (27/21.7%) 
|   distillateAge >  1.68 :  
|   |   barrelUsage <= 2.5 : LM2 (22/38.291%) 
|   |   barrelUsage >  2.5 : LM3 (64/28.848%) 
distillateAge >  6.67 : LM4 (57/21.572%) 
 
LM num: 1 
FinalScore = -0.1829 * barrelUsage - 0.1107 * barrelAge + 1.3845 * distillateAge + 2.7629 
 
LM num: 2 
FinalScore = -0.1837 * barrelUsage - 0.1958 * barrelAge + 0.9566 * distillateAge + 5.1988 
 
LM num: 3 
FinalScore =  -0.2414 * barrelUsage - 0.1428 * barrelAge +0.6525*distillateAge + 

4.8879 
 
LM num: 4 
FinalScore =  -0.1417 * barrelUsage - 0.1032 * barrelAge +1.0884*distillateAge + 

1.7945  
 
Fig. 2. M5’ model tree for taste prediction 
 
It must be mentioned that the exported rules by the algorithm are as accurate as 

human experts’ decisions. 



6 Conclusion 

Food processing is most often characterized by severe complexity, non-linearity and 
lack of objective information regarding the qualitative final product characteristics. 
The increasing and strong need for total quality management in food industries has 
rendered the construction of flexible and robust automotive decision making systems 
for product evaluation. 

It is long been recognized that the classification of aged wine distillates is a non-
linear, multi-criteria decision making problem characterized by great complexity, 
non-linearity and lack of objective information regarding the desired final product 
qualitative characteristics. The most efficient solution for the evaluation of aged wine 
distillates estimations with emphasis on aroma and taste, when an appropriate 
mathematical model cannot be incorporated, is to develop adequate and reliable ex-
pert systems based on machine learning for the classification. 

In this paper, we presented how the supervised machine learning techniques can be 
used to predict the quality characteristics of matured wine distillates. Six algorithms 
were applied and compared each other with respect to real-life data, taken from a 
wine distillates producing company. The results showed that the M5’ algorithm was 
the most appropriate, among the tested algorithms, for predicting the organoleptic 
properties of the distillates. The rules that are exported by the algorithm are as accu-
rate as human experts’ decisions.  

Using machine learning in wine industry has clear advantages: it does not color the 
score of an individual wine with a tester’s bias and it retains a level of objectivity that 
allows comparisons across all available wines. In a future work we will use super-
vised machine learning techniques to classify the variety of the wine as well as the 
production place (origin denomination). This classification can be carried out by 
processing information corresponding to physical features (color, density, conductiv-
ity, etc.) and chemical features (phenols, anthocians, amino acids, etc) [8]. 
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