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Abstract

In this paper, we studied the performance of several machine learning classification algorithms of
decision tree, random forest, and support vector machine on wine dataset using R language, and
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the accuracy obtained was 67.24%, 68.15%, and 66.25%, respectively, which performed well. The
random forest algorithm performed the best among these three classification algorithms, and the
support vector machine performed the worst, but the results of the three algorithms were not very
different. Since there is still room for higher improvement in the accuracy of the three algorithms,
the extreme gradient boosting tree (XGBoost) is introduced for classification, which improves on
the random forest and decision tree and obtains the best result of 73.59%. However, the classifi-
cation of the wine dataset directly based on the four machine learning algorithms in R is not very
good and still needs to be improved on this basis.
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Figure 1. Correlation coefficient diagram of wine factors
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Figure 2. Correlation coefficient diagram of wine factors
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Figure 3. Interactive distribution trend chart of wine factors
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Figure 4. Decision tree classification results
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Table 1. Significant factors obtained from the decision tree

F1ORRWAGEERM

=43 BE
Alcohol 117.94
citric_acid 42.39
Density 45.50

pH 4.49
Sulphates 85.25
volatile acidity 81.50
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Table 2. Significant factors obtained from random forest
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Figure 5. Scatterplot of variable importance under random forest algorithm
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Table 3. Accuracy performance of different algorithms on wine dataset
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Table 4. Important factors of the red wine dataset obtained by XGBoost
# 4. XGBoost FTSLLBEREENEZRM
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Alcohol 0.15
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volatile acidity 0.11
total_sulfur 0.10
Density 0.10
Chlorides 0.08
pH 0.08

Table 5. Accuracy performance of different algorithms on wine dataset
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