
Measuring Wine Quality: Do Chemical Compositions Matter?
Robert Schaaf (rjschaaf@my.waketech.edu) 

Business Analytics, Wake Technical Community College 

The study then looked at correlations amongst the attributes and tested 
them against each other for multicollinearity as well as having a strong 
correlation with quality. Alcohol (0.436), density (-0.307), and chlorides (-
0.201) have the strongest correlation with quality. Density and residual 
sugar (0.84), density and alcohol (-0.78), and total sulfur dioxide and free 
sulfur dioxide (0.616) have strong multicollinearity against each other. The 
correlation matrix is shown below:

Introduction

The study first examined the distribution of each of the predictor variables 
in detail. Fixed acidity, volatile acidity, and citric acid all displayed a normal 
distribution and they all appeared to have some outliers that displayed a 
high amount of acidity. Residual sugar was skewed right with the majority 
of the data displaying low amounts of sugar.  This data was also affected 
by outliers that displayed large amounts of sugar.  Further analysis 
discovered one of the recorded data points was at 65.8 and substantially 
higher than next highest data point of 31.6. The majority of chlorides were 
between 0.25 and 0.5with a few points that approached 0.35 which 
skewed the data right. These histograms are displayed below:

Descriptive Statistics 
The best fit model, using logistic regression techniques, showed that 
alcohol and residual sugar had the largest positive impact on the quality, 
while volatile acidity had the largest negative impact on quality. The 
model was built and chosen through the use of several techniques. The 
first logistic model was built using all of the attributes. Any that had a P 
value > 0.05 were dropped one at a time starting with the highest p 
value. Once the model was narrowed down, the weakest attributes that 
displayed multicollinearity were also dropped.  The data and remaining 
attributes were then separated into training (80%) and test (10%) sets 
and modeled using forward, backward, and stepwise procedures.  At 
each procedure all of these variables remained in the model. Finally, 
cross-validation was used to measure the squared errors for each set 
which measured 0.168 for the training set and 0.173 for the test set.  
Additionally, the final model had an r-squared value of 0.2203, and an 
area under the ROC curve of 0.793. 

Logistic Regression Results

It would be beneficial to use some methods or algorithms that combat 
multicollinearity and deal with the outliers. Partial least squares 
discriminant analysis (PLSDA), Box-Cox Transformations,  and/or K-fold 
cross-validation methods could all be used on the training data set to tune 
it, transform it, and check for accuracy against the test model data set.  
The model should also include a dummy variable to represent good and 
bad wine quality. For example: (0-5) represents “Bad Wine” and (6-9) 
represents “Good Wine”.

Conclusions

Objective
The project objective is to model white wine quality based on 
physicochemical tests and determine which variables best influence the 
overall quality of a white wine (good/bad). 
Data Set
The dataset that was used came from UCI Machine Learning Repository. 
The dataset is related to white variants of the Portuguese "Vinho Verde" 
wine. The data set contains 4,898 instances collected in 2009.   There is 
11 input attributes; fixed acidity, volatile acidity, citric acid,  residual sugar, 
chlorides, free sulfur dioxide, total sulfur dioxide, density, pH, sulphates, 
and alcohol. The output attribute is quality (scored between 0 and 10). 

Correlation Analysis

Figure 1. Residual Sugar Figure 2. Chlorides 

Figure 3. Correlation Matrix


