
Group 9 

Elijah M Raffo​M Raffo 

Jiazhou Li 

Xunyi Jiang 

 

Wine Quality Predictive 

Introduction    

The primary data that we used comes from Analytic Vidhya. It provides two datasets which 

include Red and White wine. The dataset has over 5000 individual data points which we combined 

into one spreadsheet. We hoped to find more data sets, and combine them into our primary data set; 

however, as the project continued finding data with similar columns proved to difficult. We changed 

the quality score into a class score to create a classification model. Our goal is to create a robust 

model for classifying wines whose variables are linked to real world methods of testing batches of 

wine. By combining data, we hope to create a large enough dataset to create accurate test and training 

datasets.  

 

Descriptive Analysics   

For the descriptive analytics, we have 11 input variables for both white wine and red wine 

based on the chemical signature tests. They are fixed acidity, volatile acidity, citric acid, residual 

sugar, chlorides, free sulfur dioxide, total sulfur dioxide, density, pH, sulphates and alcohol. Our 

target variable is quality which score is between 0 to 10, and the higher the score the better the wine 

taste.  

In order to clean the data, we first tested to see if there are any missing data rows in our 

datasets. We used the describe formula “wine.describe()” to find out the total counts for both red and 

white wine which when ran displayed 6497 total rows. 

 

 



Moreover, we also checked the shape of the datasets which  displayed the raw data’s shape to 

be 13 columns and 6497 rows. The purpose of testing the shape is to find out the total numbers of data 

and variables in the datasets before cleaning data. 

 

Then, we cleaned the data by using the formula “wine.dropna()”. The value of rows and 

columns in the dataset remained the same after we finished cleaning the data. Therefore, we believe 

that there was and is no missing data in our datasets. 

 

 

To create an accurate classification data set we wanted to divide the data into two groups: 

good and bad. To understand the quality scores of the wine, a score between 0-10, we used the 

formula “wine[‘quality_reg’].value_counts()”. In addition, we notice that most of the wine had a score 

of 6 or 5. This was good because our data could be divided into “good”, and “bad” groups by 

separating them by on 6. Therefore, 6 and above were good, and everything under 6 was bad. 

 

 

 

 



Predictive Analytics 

We know that our dataset is a classification model because we are classifying wines by taste 

quality. It would be a regression dataset if we were predicting a price for the wine; however, we are 

not. We decided to not create a classification model for each quality score due to the high amount of 

quality 5, and 6 in our data set. The first phase of our project was built around building models for our 

combined dataset of red and white wines. The second phase of our model was to run these same 

models with seperated red, and white datasets. We did this because our data was comprised of an 

unbalanced mix of red and white data. In other words, there was much more white wine data than 

redwine data. While that did not affect accuracy it did affect how authentic our finding would be. The 

final phase of our project was to take all good quality white wine, and create another classification 

model. The hopes of this model was to see if we could create a model that turns good wines [wines 

with a quality score of 6 and above] into a great wine [wines with a quality score of 7 and above].  

 

Our first model we ran was the K-Nearest Neighbors model. The whole data set preformed 

the best at 1 nearest neighbor. While the red, and white sets performed better with more neighbors. 

The whole dataset could be oversaturated with scores of 5, and 6; therefore, an overfit model would 

work will for our test dataset. While for the individual red, and white datasets a higher neighbor count 

resulted in an increased accuracy. Red KNN performed best at 30 neighbors, and White KNN 

performed best at 10  neighbors. Finally, when the white dataset was further divided into “great” 

{Phase 3} wine it had a high accuracy using the KNN model. This could be because wine with similar 

chemical results “feel” the same to consumers; however, other models yielded better accuracy. 

 

Our second model which on all tests displayed one of our higher accuracies was Logistic 

Regression. The highest accuracy dataset was the red wine dataset. And all datasets on training and 

test data had an accuracy of 70% or higher. This could be because the chemicals of a wine require a 



formulaic balance. Instead of people identifying similar tasting wines, and assigning a quality. People 

require a balance of flavors, and chemicals in a wine. It would be overconfident to say a formula 

could be what makes wine delicious; however, we can say that a formula predicts wine quality more 

accurately than KNN. 

 

When we analyzed our four datasets [whole, red, white, white 2] with the linear support 

vector machine we achieved high accuracy. Interestingly all models except red preformed best with a 

C=.01. However, red in an LSVM model had the highest accuracy. This could be an error because red 

train performed worse than red test. In other words, the random state assigned when splitting the red 

wine dataset accidently favors an LSVM model with C=.1. Or red wine can be linearly split into good 

and bad wine unlike white wine. A smaller C means that some misclassification is accepted in the 

LSVM model which most datasets did well with. 

 

When analyzing our four datasets with a support vector machine we, similarly too LSVM, 

reached a high accuracy. You can note that both white, and white 2 held the highest accuracies at 

Gamma equal to 1. This would show that white wine, unlike red, can be split non-linearly. In other 

words a “goldilocks zone” or “wiggly line” for white wine vs a linear split for red wine.  This is also 

supported by the fact that red wine preformed best under a low Gamma score. A higher Gamma 

means that data points closer effect the model more. 

 



Our decision tree models all had an accuracy of over 73% for all models ran, and we 

successfully avoided overfitting in all of our datasets. Decision trees allow us to easily visualize, and 

act upon our findings, which we will visualize and demonstrate. Our best performing model is our 

white wine dataset. Wine makers can use these decision trees to tweak and modify their wine. By 

understanding which characteristics are most important, and then by following the leaf nodes of the 

tree down to slowly tweak and adjust a wine till it classifies as “good”. 

Our group made a 10 leaf decision tree for red wine, and the decision tree is show as 

following. Here we are predicting an example about how we can find out the results by following the 

steps. The red wine with the alcohol is 8.8 and sulphates is 0.45, we can see on the graph that alcohol 

with 8.8 is lower than 10.525 which means we should go to the True direction. To compare sulphates 

of red wine, we got the sulphates with 0.45, which is much smaller  compare to 0.535. Therefore, we 

finally get the result that the class is bad. 



We also have 10 leaf decision trees for the white wine. Here is an prediction that when the 

white wine’s alcohol is equal to 10.1, free sulfur dioxide is 30, and the volatile acidity is 0.28. It is 

obvious that the alcohol 10.1 is lesser than 10.017, so we should  follow the false direction to find the 

number of free sulfur dioxide is whether larger than 13.5 or not. Then we got the value of 30 which is 

bigger than 13.5; therefore we go to the false direction. After that, the volatile acidity is equal to 0.28 

which is smaller than 0.285. So we finally get the result that the class is good. 

 



The final decision tree above is the decision tree generated with 10 leaf nodes for our white 2 

dataset. You can not the small amount of good leaf nodes. This means that for this dataset it is hard to 

make a wine that has a quality of 7 and above. However, wine makers could use this chart to guide 

their decision with blending, and adding chemicals to the wine.  

 

The final model we used was the random forest model. This model had the highest accuracy 

out of any models, and was the model we chose to assess the significance of our features. 

Interestingly, all training data could be fit completely; however, test data could not break 85% 

accuracy. I believe the random forest model proves that wine quality can be modeled accurately. 

Therefore, our data is applicable to the real world, and the importance reports ran from the random 

forest model are accurate. We initially ran a importance report of the whole wine dataset; however, we 

disregarded the findings because the results said that a wine being red vs white did not matter. We 

then proceeded find the importance of the feature variables in the red and white dataset individually. 

 

We can see the difference between white and red wine here. When comparing red and white 

wine we can see that the importance is different depending on the wine type. Alcohol is the percent 

alcohol content of the wine. Volatile acidity is the amount of acetic acid in wine, high levels can lead 

to an unpleasant, vinegar taste. The density of wine is close to that of water depending on the percent 



alcohol and sugar content. Free sulfur dioxide is the free form of SO2 that exists at equilibrium, it 

prevents microbial growth and the oxidation of wine. Total sulfur dioxide is the amount of free and 

bound forms of SO2. In concentrations with free SO2 over 50 ppm, SO2 becomes evident in the nose 

and taste of wine. Sulphates are a wine additive which can contribute to sulfur dioxide gas (SO2) 

levels, which acts as an antimicrobial and antioxidant. 

 

Findings and Conclusion 

Throughout this project we dissected a dataset that presented two similar, but different wine. 

While the whole dataset, which had both red and white wines, could create accurate models we found 

that high quantities of certain scores combined with more white than red data created models that 

weren’t realistic. By breaking apart our data into red and white datasets our models grew in accuracy, 

and in the applicability of our findings. We found that a linear SVM worked better for red wine, and a 

SVM worked better for the white wine dataset. We also created decision trees that can be used, and 

referenced in the wine making process to create good wines. For example, wine makers making a red 

blend could reference our decision tree when combining many gallons of wine to create a good wine. 

Furthermore, we also developed highly accurate random forest models that showed the importance of 

our features. Alcohol was found to be the most important feature of both red and white wine; 

however, after that white wine and red wine show different characteristics. All these models and 

findings can be used to develop and optimize wine. 

Our dataset was easy to clean, and all the features meant something. We also applied 

ourselves to learn about wine during our project to understand our findings. Something that would 

have lended to more accurate and applicable data is having more categorical features. It would have 

been interesting to see what specific wine was used thereby adding depth to the numeric features we 

analysed. Furthermore, more research on the process of making wine would have lended to our 

understanding of applying these results. While the blending process of the wine industry can use these 

results we do not understand the nuance of wine making. And, that means we don’t know all the 

possibilities of these findings. From the beginning of this project we wanted to predict the quality of 

wine. We now know that we can accurately predict the quality of wine using multiple models. 

Furthermore, we also know what characteristics are important in a good wine (red or white), and have 

a visualization to help foster making good wines. 

 


