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Abstract—In the past few years, with the availability of lot of
wine brands it is difficult to identify the good quality wines. Good
quality wine depends on the so many important factors such as
chemical, scientific as well as technical factors. However in the
previous study the researchers always focus on the subjective
study to define the quality of wine. The result based on the
subjective study takes much time as well as it is not effective
compared to the objective study with the analytical methods .In
the last few year’s machine learning techniques caught lot of
attention in every field. Most of the machines learning techniques
are able to produce highly accurate result that compels most of
the data scientist to implement it in case of predictive analytics.
In the past few works related to wine data has been studied using
different classifiers, however so far nobody has compared the
performance metrics of the different classifiers with different
feature sets to predict the quality of different type of wine by
considering several factors. In this paper a new approach has
been proposed by considering different feature selection
algorithm such as Principal Component Analysis (PCA) as well
as Recursive Feature Elimination approach (RFE) approach for
feature selection and nonlinear decision tree based classifiers for
analyzing the performance metrics. We found accuracies ranging
from 94.51% to 97.79% with different feature sets using Random
Forest classifier. This analysis will help the wine experts to know
the important factors to consider while selecting the good quality
wine.

Keywords—machine learning; feature selection; classifiers;
Pperformance metrics;wine quality

1. INTRODUCTION

In the last few years the consumption of wine has been
increased because it has positive correlation with the health,
specifically it is beneficial to keep in check the variability of
heart rate [1].The increased amount of consumption of wine
forced the wine industry to go for some quality assessment test
and certification .At the same time they are also aware of the
cost which is one of the important factor while maintaining the
quality of the wine. Different type of wine has different
purposes and the chemical concentration is also different for
different types of wine. To maintain the quality with less cost,
it is important to know the contribution of different chemical
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attributes used in different types of wine [2]. In the past due to
lack of technological resources it become difficult for most of
the industries to classify the wines based on the chemical
analysis as it takes lot of time and also need more money.
These days with the advent of the machine learning techniques
it is possible to classify the wines as well as it is possible to
figure out the importance of each chemical analysis parameters
in the wine and which one to ignore for reduction of cost. The
performance comparison with different feature sets will also
help to classify it in a more distinctive way. In this paper an
intelligent approach is proposed by considering recursive
feature elimination (RFE) algorithm for feature selection as
well as Principal Component Analysis (PCA) based approach
for feature selection considering the nonlinear classifiers to
predict the quality in red wine as well as the white wine.

The structure of the paper is organized as follows: Section
Il presents the past work related to this field. Section III
describes about the methodologies used for this research work.
Section IV describes about the result of feature selection as
well as the result of classification. Section V describes about
the conclusion and future work.

II. RELATED WORKS

Some of the machine learning approaches has been used in
the past works for prediction of price and quality of wine.
Some of the past works are mentioned below. Yeo et al used
Gaussian process regression and multi—task learning to predict
the wine price. They have used historical price of wine data to
predict the price of the wine. They found that advanced
machine learning technique has the potential for prediction of
wine price [3]. Ashenfelter mentioned that the quality and price
of wine depends on the weather on which the grapes are
created. He derived a price equation using several factors. He
found climate change and expert opinion has a major role to
play while deciding the wine price [4]. Ribeiro et al have done
the prediction of wine vinification, which is one of the ways to
measure the wine quality using data mining tools. They have
used Decision trees, Artificial Neural Network, and Linear
Regression as the data mining techniques to predict the
organoleptic parameters form the chemical parameters of
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vinification process. They found good accuracies in all the
techniques [5]. Lee et al proposed a decision tree based method
to predict the wine quality. They compared their approach with
the WEKA based data mining tool using three machine
learning approaches such as SVM, Bayes Net and Multi
Perceptron and they found their proposed method is better
compared to other mentioned approaches [6]. The above past
work motivated us to try different machine learning approaches
with different feature selection algorithm to predict the quality
of wine. The feature selection algorithms used in this paper are
PCA and RFE. This method will help the performance measure
of different classification approach used for the prediction. The
classification approaches used are RPART, C4.5, PART,
Bagging CART, RF and Boosting C5.0.

III. METHODOLOGIES

The flow chart of the proposed methodology is shown in
the fig. 1.

Collection of data for two types of wine
from public database

¥

Preparation of data for two types of wine for
construction of model

PCA based feature
selection for different
datasets

Implemeantation of different classification
approaches to the reduced feature sets for
different fypes of wina
v

¥
Performance Comparison
¥

Y

RFE based feature
selection for different
datasets

Analysis of Results

Figure 1. Flow chart of proposed method

A. Data Collection

The wine data set is publicly available in the database of
UCI. The two datasets are related to red and white variants of
the Portuguese "Vinho Verde" wine. This data set contains the
physiochemical variables as well as sensory variables,
altogether there are 12 attributes [7].
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B. Feature Reduction

The RFE selection method is basically a recursive process
that ranks features according to some measure of their
importance [8]. Principal Component Analysis (PCA) is a tool
that is used for compression of data and extraction of
information [9].

C. Classification model

In this paper we have used nonlinear classifier with
decision tree for classification of groups are as follows
Recursive partitioning decision tree(RPART), C4.5, PART,
Bagging classification and Regression tree(Bagging CART),
Random Forest and Boosted C5.0.

1) RPART: Recursive partition based classifier works
basically on the principle of splitting technique. It is called
recursive because it keeps on splitting until some stopping
criterion has reached [10].

2) C4.5: 1t is basically an improvement over ID3 algorithm.
It works on the principle of information entropy. It is also
called as statistical classifier [11].

3) PART: 1t is basically a rule based system and it produces
some pruned decision tree based on C4.5 and then it try to
derive some rule and then remove the instances covered by the
rule. It continues until all the instances have been covered by
the derived rule [12].

4) Bagging CART: Bagging is working in the principle of
manipulation of the training sets by taking the average of all
training sets. Basically the training sets are created from the
original sets by random replacements [13]. CART with
bagging is used to improve the performance [14].

5) Random Forest: 1t is basically a collection of random
decision trees. Each decision tree in the forest learned from
random training sets and random feature sets and then one
probability score assigned to each of them and finally overall
probability is calculated by taking into account all decision
trees [15, 16].

6) C5.0: 1t is the improved version of C4.5 and it has all the
advantages over the ancestors [17].

D. Performance Measure Metrics

The parameters used to compare the performance and
validations of classifier are as follows: accuracy, sensitivity,
specificity, positive predictive value (PPV), negative
predictive value (NPV). The sensitivity is defined as the ratio
of true positives to the sum of true positives and false
negatives. The specificity is defined as the ratio of true
negatives to the sum of false positives and true negatives. In
our research we have used the Positive predictive value and
negative predictive value to check the present and absent of
one type of wine. So the PPV is the probability that the one
type of wine is present given a positive test result and NPV is
the probability that the one type of wine is absent given a
negative test result [21]. Accuracy is defined as the ratio of
number of correct predictions made to the total prediction
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made and the ratio is multiplied by 100 to make it in terms of
percentage.

IV. RESULTS AND DISCUSSION

We have divided the data into two groups such as train data
and test data. We trained each classifier based on the trained
data and predict the power of classifier on the test data. So each
classifier able to show all the performance metrics such as
accuracy, sensitivity, specificity, PPV, and NPV based on the
test data. We have applied all the classification techniques to
the RFE based reduced feature sets for two types of wine as
well as PCA based reduced feature sets for two types of wine
to measures the performance parameter with respect to each
classifier. We separated each performance measures with
respect to RFE and PCA sets and plot the column plot for
better visualization. The results of each performance measure
with respect to two feature sets are shown in the figure 2, 3, 4,
5, and 6 respectively for red wine and 7, 8, 9, 10 and 11 for
white wine.

A. Comparison of Accuracy for red wine

Classifiers Vs. Accuracy
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Figure 2. Comparison of Accuracy on PCA and RFE sets

Fig. 2, shows that RFE based feature sets with Random
forest shows highest accuracy of 94.51%.

B. Comparison of Sensitivity for red wine
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> 0.95
=
£ 09
<
L
0.8
Bagging Random Boosted RPART
CART Forest 5.0
Classifiers
mPCA mRFE

Figure 3. Comparison of Sensitivity on PCA and RFE sets

Fig.3, shows thatRFE based feature sets with Random
forest shows highest sensitivity of 0.9575.
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C. Comparison of Specificity for red wine
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Figure 4. Comparison of Specificity on PCA and RFE sets

Fig. 4, shows that RFE based feature sets with Random
forest shows highest specificity of 0.9756.

D. Comparison of PPV for red wine
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Figure 5. Comparison of PPV on PCA and RFE sets

Fig. 5, shows that RFE based feature sets with Random
forest shows highest PPV of 0.9889.

E. Comparison of NPV for red wine

Fig. 6, shows that RFE based feature sets with Random
forest shows highest NPV of 0.9891.
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Figure 6. Comparison of NPV on PCA and RFE sets
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F. Comparison of Accuracy for white wine
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Figure 7. Comparison of Accuracy on PCA and RFE sets

Fig. 7, shows that RFE based feature sets with Random
forest shows highest accuracy of 97.79%.

G. Comparison of Sensitivity for white wine
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Figure 8. Comparison of Sensitivity on PCA and RFE sets

Fig. 8, shows that RFE based feature sets with Random
forest shows highest sensitivity of 0.9882.

H. Comparison of Specificity for white wine
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Figure 9. Comparison of specificity on PCA and RFE sets

Fig. 9, shows that RFE based feature sets with Random
forest shows highest specificity of 0.9912.

1. Comparison of PPV for white wine
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Figure 10. Comparison of PPV on PCA and RFE sets

Fig. 10, shows that RFE based feature sets with Random
forest shows highest PPV of 0.9956.

J. Comparison of NPV for white wine
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Figure 11. Comparison of NPV onPCA and RFE sets

Fig. 11, shows that RFE based feature sets with Random
forest shows highest NPV of 0.9976.

V. CONCLUSION AND FUTURE WORK

This analysis can be opted as an important tool for the
prediction of the quality of two types of wine with different
feature sets. We have found the important attributes while
predicting the quality of white wine as well as quality of red
wine by using different feature selection algorithm. In this
paper we have used nonlinear classifiers to predict the quality
of two types of wines by achieving good classification
accuracies ranging from 94.51% to 97.79%.Random forest
classifier shows highest accuracy of 94.51% while predicting
the quality of red wine with RFE based feature sets at the same
time the same classifier shows highest accuracy of 97.79%
while predicting the quality of white wine with RFE based
feature sets. Overall the RFE based feature sets performed well
with the random forest classifier while doing the comparison
on the performance metrics compared with the PCA based
feature sets. This analysis will help the wine manufactures to
shift focus on the important attributes to maintain quality while
preparing different types of wine.
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