
  

Journal of Chemical Education 10/24/21 Page 1 of 30 

Principal Component Analysis (PCA) and Statistical Tests Using 

Factoshiny and R Commander.  

Matheus Fernandes Filgueiras‡ and ‡Endler Marcel Borges‡ 

‡Departamento de Química, Fundação Universidade Regional de Blumenau, FURB, Campus 1, Rua 

Antônio da Veiga, 140, Victor Konder, 89012-900 Blumenau-SC, Brasil. 5 

ABSTRACT 
Spreadsheets are commonly used for data handling. However, in huge data sets, spreadsheets 

cannot do statistical tests, such as one-way ANOVA, boxplot, plot of means, principal component 

analysis (PCA). Most of the students had never worked with programming software such as MATLAB, 

Phyton, Octave and R project. Hence, in this lab experiment, students analyzed large data sets using R 10 

Commander and Factoshiny plugins. Commander and Factoshiny are packages which gives graphical 

user interface (GUI). GUI plugins allows students with no programming knowledge to run statical tests 

quickly and easily without having to type a single command line. The class was divided into three parts. 

First, students analyzed a red wine data set (1599 samples, 11 physicochemical variables, and one 

qualitative variable) to find correlations between wine quality (qualitative variable) and its 15 

physicochemical variables (quantitative variable). Second, they analyzed a white wine data set (4898 

samples, 11 physicochemical variables, and one qualitative variable) to find correlations between white 

wine quality and its physicochemical variables. Third, they analyzed a red wine and white wine data set 

and found correlations between wine's physicochemical variables and their quality and type. Statistical 

tests and PCA were carried out using R Commander and Factoshiny, respectively. Due to the graphical 20 

interface and simplicity of these two plugins, the class can be concluded in 200 min.  
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Introduction 
As R projetc is freeware, it does not offer a ‘pretty-face’ and students must type a series of line 30 

command lines to run statistical tests. However, there are many graphical user interface (GUI) plugins 

which run into R-project, these plugins have push-button menus like contemporary software. R 

Commander is the most popular GUI for R project.1 

We did not have any free software with an easy-to-use graphical interface for data handing, so we 

published our first paper describing how to do principal component analysis (PCA) with Factoshiny.2 35 

After that, we had to do statistical tests and plots which were difficult to do with spreadsheets, such as 

one-way ANOVA, boxplot, plot of means and histograms. Therefore, we have released this manuscript 

that demonstrates how to do statical tests and graphs using R Commander and Factoshiny. 

Statistical tests were carried out using the R Commander plugin3 and exploratory analysis was 

carried out using the Factoshiny plugin.4,5 Both are plugins that run inside the R project. 40 

Most of our students do not have experience with programming, and they can use these apps 

without typing a single command. In addition, the R project is free, open-source, widely available, and 

widely used, making it accessible to all students. 

Students may do several statistical tests and PCA using these plugins without having to type a 

single command. Both plugins have a graphical interface and a friendly interface.  45 

Statistical tests were carried out using the R Commander3 and exploratory analysis was carried 

out using the Factoshiny.4 Both are plugins that run inside the R project and have a visual interface. 

R Commander is an R package dedicated to statistical analysis of large data sets.3  

PCA is a mathematical approach that converts a data matrix into a new space of principal 

components (PCs). It is a multivariate analysis technique that transforms the data and reduces its 50 

dimensionality into a form that highlights the variance of the data. It reveals the underlying patterns 

and groups within the data. This is achieved by constructing a new set of variables obtained from linear 

combinations of the original ones. The new variables are projection coefficients of the old variables in 

new PCs.6 

There are several examples of PCA as a learning model in this Journal such as analysis of 55 

stainless-steel standard using laser-induced breakdown spectroscopy,7 classification of vegetable oils 
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using FTIR,8 analysis of air quality,9 identification of edible oils using 1H NMR,10–12 classification of 

river sediments using its heavy metals concentration13 Identification of the arabica and robusta 

varieties of green coffee beans using 1H NMR,14 recognizing the origin of sand specimens by diffuse 

reflectance infrared fourier transform spectroscopy,15 Classification of representative elements16 and 60 

lanthanides17 using its chemical properties, discover chocolates origin using HPLC,18 metabolomics of 

horse blood using HPLC-MS,19  

When we were working with a large data set and looking to extract relevant information from it, we 

could use boxplots and plots of means, because these plots provide better visualization of the data set 

than spreadsheets. 20,21 However, spreadsheets cannot do boxplots and graphics of means, where 65 

these plots can be done using R Commander. Here, it was shown that correlations between 

quantitative and qualitative variables obtained using PCA could be explored using these plots. 

Experimental Overview 
Here, we choose examples of wine analysis. First, students analyze a data set containing 11 

quantitative variables (physicochemical properties) and one qualitative variable (quality) for 1599 red 70 

wines (Table S1). They found correlations between red wine quality and its quality using PCA. Then, 

these correlations were analyzed using one-away ANOVA, pie charts, histograms, plot of means and 

boxplots. 

In the second example, students found correlations between physicochemical properties and white 

wine quality as done in the first example, but the data set contains information about 4898 white 75 

wines (Table S2).  

In the third example, students found correlations between wine type (red and white) and its 

quantitative variables (Table S3). 

The data sets were imported from form Microsoft Excel into R Commander and the data set was 

used directly in Factoshiny. R Commander recognizes numbers as quantitative variables and words 80 

(such as red and white) as qualitative variables. Thus, when data sets were imported "quality" (1 to 10) 

must be assigned as a qualitative variable. R Commander can import data set in different formats 

such as SPSS, SAS, Minitab, STATA, and Excel. 
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We have not described the mathematical background of PCA and boxplots, but a description of 

PCA has been shown in reviews,22–26 and boxplots were explained in papers previously published in 85 

this Journal.20,27  

Students’ Learning Goals 
Students run PCA in large wine data sets using Factoshiny. As a result of performing PCA in those 

data sets, it is expected that students: 

• Identify the importance of each variable in the loading plot 90 

• Identify correlations between variables in loading plot 

• Identify similarities and dissimilarities among samples in the score plot 

• Understand the influence of each variable in the position of samples in the score plot. 

• Found correlations between physicochemical properties and wine quality 

• Found correlations between physicochemical properties and wine type. 95 

After running the PCA, students use R Commander to perform a statistical analysis on the data 

set, guiding the selection of the most important variables to differentiate wine samples based on their 

quality. As a result of performing PCA in those data sets, it is expected that students: 

• Recognize differences between means using one-away ANOVA  

• Build pie charts, boxplots, plots of means, and histograms. 100 

• Understand how each physicochemical property was correlated with wine quality and type 

using boxplots and graphic of means.  

Materials and Methods 

Data set 
In Table S1 to S3, the data set explored is a collection of white and red wine from the “Vinho Verde” wine 105 

region in Portugal.28–30 The data set for red wine consists of 1599 samples (Table S1) and the one for 

white wine consists of 4898 samples (Table S2). Each sample has 11 physicochemical variables: Fixed 

acidity (g(tartaric acid)/dm3), Volatile acidity (g(acetic acid)/dm3), Citric acid (g/dm3), Residual sugar 

(g/dm3), Chlorides (g(sodium chloride)/dm3), Free sulfur dioxide (mg/dm3), Total sulfur dioxide 

(mg/dm3), Density (g/cm3), pH, Sulphates (g(potassium sulphate)/dm3), Alcohol (vol.%) and one 110 

qualitative variable: quality. Quality was determined by sensory assessors, they (a minimum of three) 
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used blind tastes to grade the wine on a scale of quality that ranges from 0 (very bad) to 10 (excellent). 

The final sensory score is given by the median of these evaluations. This data set is free and available 

on the web. Table S3 contains red and white samples, it has 11 quantitative variables and two qualitative 

variables: quality and type, where the type is red or white.28  115 

HAZARDS  
In this dry lab, there are no hazards 

Results and Discussion 

Red wines PCA  
Analyzing the data for red wines (Table S1), we have 11 physicochemical variables (quantitative 120 

variables) and one qualitative variable (quality). There was any relation between 11 physicochemical 

variables and red wine quality? How could I visualize these 11 variables at the same time? 

PCA is a mathematical tool that reduces the data dimensionality, making its visualization possible, 

while retaining as much information as possible that was already present in the original data.9 The 
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loading plot (Figure 1) and the score plot (Figure 2) were used to answer these questions 125 

 

Figure 1: Loading plot built using data set in Table S1. PC1 vs PC2 
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Figure 2: Score plot built using data set in Table S1, PC1 vs PC2 

The PCA employs a mathematical procedure that transforms a set of possibly correlated variables 130 

into a new set of uncorrelated variables, called principal components, PCs.2,31 The amount of each of the 

original variables included in the PC is described by the loading (Figure 1). By plotting the loadings for 

the two PCs, it was possible to assess the relative importance of each of the variables in the PCA model, 

variables with higher impact have larger vectors than variables with lower impact. In Figure 1, total 

sulfur dioxide, free sulfur dioxide, density, fixed acidity, citric acid, and pH (red) were variables with a 135 

larger impact in the PCA model. Volatile acidity and alcohol were variables (purple) with intermediate 

impact. Sulphates, chlorides, and residual sugar were variables with a smaller impact in the PCA model. 

In the loading plot (Figure 1), correlations among variables were observed in the loading plot, 

positively correlated variables were located close together, and inversely correlated variables were at 

180° to one another,2,32 for example, fixed acidity and citric acid are directly correlated, both variables 140 

were inversely correlated to pH. Total sulfur dioxide and free sulfur dioxide were directly correlated.  

The score plot (Figure 2) showed the projection of samples (red wine) along with the principal 

components (PCs). The location of wine samples in the score plot was directly related to the loading plot 

(Figure 1). The loading plot showed that samples on the right-hand side have larger density, fixed acidity, 

citric acid sulphates, and chlorides than samples placed on the left-hand side, while samples on the 145 

left-hand side have larger pH and volatile acids than samples placed on the right-hand side. 

Samples on the top side have larger total sulfur dioxide, free sulfur dioxide, and residual sugar than 

samples placed on the bottom, while samples placed on the bottom have larger alcohol than samples 

placed on the top (Figure 2).  

In Figure 2, most of the high-quality red wines (quality 6, 7, and 8) were placed on the bottom, and 150 

low-quality red wines (quality 3, 4, and 5) were placed on top. Thus, we can conclude that high-quality 

red wines have larger alcohol and smaller total sulfur dioxide and free sulfur dioxide than low-quality 

red wines. 
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Red wines data set statistical evaluation  
A series of statical tests and plots can be carried out using R Commander. A pie chart (Figure 3) 155 

showed the number of red wine samples on each quality (Table S1). Most of the red wine samples were 

quality 5, 6 and 7, quality 3 and 8 had few samples. 

 

Figure 3: Pie chart of red wines quality (Table S1) 

 160 

 One-way ANOVA is a statistical technique that is used to check if the means of two or more 

groups are significantly different from each other. Spreadsheets do one-way ANOVA between columns 

and lines, for example, we could insert alcohol of quality 4 in one line, quality 5 in another one, and so 

on. Then, we could do it using a spreadsheet, but in the format that the data was distributed in Table 

S1, it was a hard task. The R Commander does one-way ANOVA for each qualitative variable in the 165 

data set, and differences between means could be easily checked without any manipulation of the data 

set. 

 The one-way ANOVA of the 11 physicochemical variables for each red wine quality (Table 1) 

shown that just residual sugar had equivalent means for each red wine quality, while alcohol was the 

physicochemical variable that had the larger difference between means.  170 
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Table 1: One-away ANOVA of 11 

physicochemical variables for each 

red wine quality in Table S1 
Physicochemical 
variable  

F p-value 

alcohol 115.9 2E-16 

chlorides 6.036 1.53E-05 

citric acid 19.69 2.00E-16 

density 13.4 8.12E-13 

fixed acidity 6.283 8.79E-06 

Free sulfur 
dioxide 

4.754 2.57 E-04 

pH 4.342 6.28 E-04 

residual sugar 1.053 0.385 

sulphates 22.27 >2E-16 

total sulfur 
dioxide 

25.48 >2E-16 

volatile acidity 60.91 >2E-16 

The boxplot of residual sugars (Figure 4) showed that means for each red wine quality were 

equivalent, and qualities 5, 6, and 7 have several outlier samples. The plot of means (Figure 5) showed 

that red wines quality cannot be differentiated using residual sugar due to its close means and larger 

standards deviations. The plot of means (Figure 4) was a useful tool for visualizing the means and 175 

standard deviations of residual sugars according to their quality, but outliers and interquartile range 

were not shown in these plots (Figure 5). 

 

Figure 4: Boxplot of the residual sugar in red wines 
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 180 

Figure 5: Plot of means of residual sugar in red wines 

The boxplot of alcohol (Figure 6) showed that qualities 3, 4, and 5 had equivalent alcohol content. 

In qualities 6, 7, and 8, the mean alcohol increases as the wine quality increases. It was difficult to 

distinguish quality five from the other qualities because it has many outliers. 

In quality 6, 7, and 8, the graphic of means (Figure 7) showed a positive correlation between red 185 

wine quality and alcohol. It also showed that qualities 3, 4, and 5 had equivalent alcohol means. 

 

Figure 6: Boxplot of alcohol in red wines (Table S1) 
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Figure 7: plot of means for alcohol in red wines (Table S1) 190 

The R Commander also does histograms of each variable according to its qualitative variables. The 

histogram of alcohol (Figure 8) showed that quality 5 alcohol follows a logarithm distribution. In 

qualities 4, 6, and 7 alcohol follows a Gaussian distribution. In qualities 3 and 8, we cannot observe 
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the kind of distribution due to its small number of 

samples.  195 

Figure 8: Alcohol histogram of red wine quality (Table S1) 

The plot of means showed a series of trends of each physicochemical variable according to wine 

quality. High-quality red wines have small chlorides. In quality 5 to 8, there was an inverse correlation 

between quality and chlorides. Quality 4 cannot be differentiated from other qualities because it has a 

larger standard deviation (Figure 9).  200 

pH affects wine's taste and lifetime. Quality 3 and 4 have a larger pH than other qualities, but 

quality eight cannot be differentiated from qualities 5, 6, and 7 due to its higher standard deviation 

(Figure 10). 
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Figure 9: Chloride plot of means of red wines (Table S1)  205 

 

Figure 10: pH plot of means of red wines (Table S1) 

Withe wines PCA  
The loading plot (Figure 11). showed that white wine samples placed on the right-hand side have 

larger free sulfur dioxide, total sulfur dioxide, residual sugar, density, and chlorides than samples placed 210 

on the left-hand side, while samples placed on the left-hand side have larger alcohol than samples placed 

on the right-hand side. Samples placed on the top side have higher pH than samples placed on the 

bottom, while samples on the bottom have larger fixed acidity and citric acid than samples placed on 

the top (Figure 11).  
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pH was inversely correlated with citric acid and fixed acidity. It was expected that wines that had 215 

higher citric acid and fixed acidity would have a lower pH than samples that had smaller citric acid and 

fixed acidity (Figure 11). As expected, density and residual sugar were correlated, while alcohol and 

density were inversely correlated (Figure 11). 

 
Figure 11: Loading plot built using data set in Table S2, PC1 vs PC2 220 

 
The score plot (Figure 12) showed that high-quality white wines were placed on the left-hand side, 

which means that high-quality white wines have larger alcohol than low-quality white wines, while 

low-quality white wines have larger residual sugars, density, chlorides, free sulfur dioxide and total 

sulfur dioxide than samples placed than high-quality white wines.  225 
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Figure 12: Score plot built using data set in Table S2, PC1 vs PC2 

PC1 and PC2 explain just 43% of the total variance, and additional information can be obtained by 

using one more PC. The PC3 in the loading plot (Figure 13) showed that white wine samples placed on 

the bottom had higher volatile acidity than white wines placed on top, while white wines placed on the 230 

top had larger sulphates and citric acid than samples placed on the bottom. The score plot (Figure 14) 

showed that most of the quality 4 white wines were placed on the bottom. Thus, quality 4 white wines 

can be differentiated from other qualities due to their larger volatile acidity. 

 

Figure 13: Loading plot built using data set in Table S2, PC1 vs PC3 235 
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Figure 14: Score plot built using data set in Table S2, PC1 vs PC3 

White wines data set statistical evaluation 
Most of the white wine samples were quality 5 (29.7%), 6 (44.9%), and 7 (18%). There were few 240 

samples of quality 3 (0.4%), 4 (3.3%), 8 (3.6%) and 9 (0.1%). The distribution of white wines according 

to their quality was observed using a bar plot (Figure 15). 

 

Figure 15: Bars graphic of white wines quality  

In white wines (Table S2), all physicochemical variables had different means for each wine quality 245 

(Table 2). One-away ANOVA showed that it was a large difference between alcohol means in white 

wines. 
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Table 2: One-away ANOVA of 11 

physicochemical variables for each 

white wine quality in Table S2 

Physicochemical 
variable  

F p-value 

alcohol 
229.7 <2e-16 

chlorides 
42.47 <2e-16 

citric acid 
3.246 3.48 e-16 

density 
105.9 <2e-16 

fixed acidity 
12.89 1.64e-14 

Free sulfur 
dioxide 19.72 <2e-16 

pH 
10.1 3.96e-11 

residual sugar 
21.27 <2e-16 

sulphates 
3.642 1.31e-3 

total sulfur 
dioxide 45.2 <2e-16 

volatile acidity 
61.92 <2e-16 

The plot of means (Figure 16) showed that qualities 3 to 5 had equivalent alcohol. In qualities 5 to 

9, alcohol increase as quality increase. The boxplot (Figure 17), confirmed results obtained with the 

plot of means. In addition, it showed that, in quality 5, most white wines had alcohol above the mean 250 

and many outliers, representing a log distribution.  

The alcohol histogram confirmed the log distribution of alcohol in quality 5. In quality 8, we cannot 

observe its distribution pattern because it has few samples.  
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Figure 16: The alcohol plot of means of white wines qualities.  255 

 

Figure 17: The alcohol boxplot of white wines qualities (Table S2) 
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Figure 18: Alcohol histogram of white wines qualities.  

Figure 13 showed that quality 4 was differentiated from other qualities because it has larger volatile 260 

acidity than other qualities. The volatile acidity boxplot (Figure 19) showed that quality 4 white wines 

have larger mean volatile acidity than other qualities. However, volatile acidity alone cannot be used to 

classify a white wine as quality 4, because quality 4 mean was in the upper quartile range of other 

qualities, and quality 5 and 6 have many outliers.  
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 265 
Figure 19: The volatile acid box plot of white wines qualities. 

Red and white wines PCA  
Red and white wines have different tastes29 but can we represent their difference in taste in terms of 

the 11 physicochemical variables? PCA can respond to this question. The loading plot (Figure 20) showed 

that samples placed on the left-hand side have larger total sulfur dioxide, free sulfur dioxide, and 270 

residual sugars than samples placed on the right-hand side, while samples placed on the right-hand 

side have larger volatile acidity, sulfates, chlorides, and fixed acidity than samples placed on the left-

hand side.  

The loading plot Figure 20 also showed that total sulfur and sulfur dioxide were correlated, density 

and alcohol were inversely correlated, fixed acidity and residual sugar were directly correlated.  275 
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Figure 20: Loading plot built using data set in Table S3. PC1 vs PC2 

The score plot (Figure 21) showed that white wines were placed on the left-hand side and red wines 

were placed on the right-hand side. Thus, the taste difference between white and red wines was 

explained using 11 physicochemical properties. Red wines have larger chlorides, fixed acidity, sulfates, 280 

and volatile acidity than white wines, and white wines have larger residual sugar, citric acid, total 

sulfur dioxide, and free sulfur than white wines.  
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Figure 21: Score plot built using data set in Table S3, PC1 vs PC2, 
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 285 
Figure 22: Score plot built using data set in Table S3, PC1 vs PC2 

The score plot (Figure 22) also showed that most high-quality wines (Quality 6 and 7) were placed 

on the bottom, where larger alcohol and smaller density were correlated with high-quality.  

Red and white wines statistical evaluation  
In the previous section, when we applied PCA to red and white wines data set (Table S3), it was 290 

observed that red wines have larger total sulfur dioxide and smaller volatile acidity than white wines, 

while white wines. These previous findings were confirmed using boxplots (Figure 23 and Figure 24).  

White wines have larger sulfur dioxide than red wines and just some outlier red wines have sulfur 

dioxide in the mean range of white wines (Figure 23)  

Red wines have larger chlorides than white wines, but white wines have several outlier samples with 295 

chlorides above the red wine’s upper quartile (Figure 24).  
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Figure 23:Total sulfur dioxide boxplot red and white wines  
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Figure 24: Chlorides Boxplot of red and white wines  300 

Conclusion  
This laboratory experiment can be realized in any school since it uses freeware (R project). Students 

without experience in programming can do it easily and without typing a single command line. Statistical 

tests such as boxplot, plot of means, and PCA cannot be done using spreadsheets. However, these tests 

were easily done using R Commander and Factoshiny plugins. Due to their graphical, easy, intuitive, 305 

and simple interface, students did all statical tests presented throughout the manuscript without any 

inconvenience.  
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