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Abstract. This paper presents the modules in the statistical package ViSta14 more 
related with categorical data analysis. These modules are: visualization of frequency 
data with mosaic and bar plots, correspondence analysis and multiple correspondence 
analysis. All these techniques are implemented in ViSta with a big emphasis on plots 
and graphical representations of data, as well as interactivity of the user with the system. 
This shapes a system that has shown to be easy, fun and useful both for novice and 
experienced users. 
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1 INTRODUCTION 

Young15,14 has developed ViSta, a statistical package based on Lisp-Stat. ViSta 
incorporates the object-oriented approach as part of its internal and external functioning. 
In particular, it extends Lisp-Stat with additional graphical, statistical and data objects; 
it provides objects for mapping the process of data analyses and it has objects that guide 
novices through their early attempts to carry out analyses. All these characteristics 
shape a system that has been shown to be appropriate for students and teachers of 
statistics as well as for researchers and developers in computational and graphical 
statistics.  

ViSta is focused on techniques for visualizing data. So, traditional statistical methods 
are considered from a graphical, dynamic, linked and interactive way by sets of plots 
denominated  spreadplots. Spreadplots are one of the most innovative characteristics in 
ViSta16. At the time this is being written, ViSta integrates about 20 different kind of 
spreadplots. These include spreadplots for exploring raw data, there being a spreadplot 
specifically constructed for each of several kinds of data, including: Univariate, 
Bivariate, Multivariate (numeric and Guided Tour), Category, Classification, Frequency 
Classification (one-way and n-way), Frequency Table, Crosstabulation and Data 
Simulation. ViSta also has spreadplots for data transformations such as the Box-Cox 
(Figure 1), Folded Power13 and Missing Data Imputation11. Finally, there are 
spreadplots for visualizing statistical models, including Analysis of Variance, 
Correspondence Analysis2, Multiple Correspondence Analysis8, Multidimensional 
Scaling, Multivariate Regression, Principal Components12, Regression Analysis1, 
Univariate Analysis, Cluster Analysis and Frequency Analysis. 

This paper will focus on spreadplots for categorical data. As remarked by Friendly4,5, 
there is an almost paradoxical disparity between availability and use of  methods for 
visualization of quantitative data and categorical data. So, while it is habitual that an 
analyst carrying out analysis of regression uses plots for exploration and model fitting 
on a routine basis, it is certainly unusual to see the same practice with categorical data. 
Also, software that implements these methods is still scare, and, that includes features 
as found in ViSta (interactivity, dynamism, linking, etc.) almost not existent. 

The plan of this paper will be the following: First, we will describe the different 
types or representations of categorical data that are built into ViSta. This information is 
important, because ViSta decides which analysis are acceptable as a function of the type 
of data selected so the analyst will have to know how to carry out the proper 
transformation to the right type when necessary. Second, we will describe the 
Visualization for Raw Frequency data available in ViSta. This visualization provides a 
preliminary examination of the data that can help to decide the type of analysis to be 
carried out. Third, we will describe Frequency Analysis. Finally, we will present 
Correspondence Analysis and Homogeneity Analysis (also known as Multiple 
Correspondence Analysis). A discussion with some of the planned additions to the 
modules in ViSta will close this paper. 



2 DATA REPRESENTATIONS OF CATEGORICAL DATA IN VISTA. 

Categorical data can be represented in different ways in ViSta. Many of them are 
equivalent, and ViSta provides transformations that change data from a representation to 
other.  Statistical analysis methods will sometimes expect data with a particular shape 
so it is important to know the different representations and the possible actions that can 
be pursued with each one. 

Data objects in ViSta are represented with icons. The table 1 shows all the different 
icons used in ViSta to represent categorical data with the type of analysis that can be 
carried out with them. 

ANALYSIS ICON DATA SHAPE 

Table data 

Frequency analysis, 

Correspondence Analysis 

 

 

 

Frequency classification data 

Frequency analysis  

.

 

Category data 

Frequency analysis. 

Homogeneity Analysis 
(Multiple Correspondence 
Analysis) 

 

 

 

Table 1: Data representations for category data 

Category data is the most general categorical data type in ViSta. It only differs of the 
most general data in ViSta, multivariate data, in that only includes categorical variables 
while multivariate data can include a mixture of numerical and categorical variables.  

Notice that ViSta Correspondence Analysis can only carried out with table data and 
that Homogeneity Analysis will only work with categorical data. Frequency analysis is 



allowed with all kinds of data, though. Fortunately, ViSta can transform data from a 
representation to other. This is carried out through the menu item Create-Convert Data 
in the menu Data. This results in the dialog box in figure 1. Selecting an option will 
output the data in the corresponding shape. 

 

Figure 1: Transformations between types of data in ViSta 

3 VISUALIZATION OF CATEGORICAL DATA  

Visualization of raw frequency data is a topic that has recently received considerable 
attention in recent times. We illustrate ViSta’s frequency data spreadplot with data from 
the sinking of the Titanic. In these data, the fate of each person on the ship (Lived, 
Died) is cross-classified with the person’s Age (Child, Adult), Sex (Male, Female) and 
Class (First, Second, Third, Crew). Figure 2 shows the initial spreadplot for these data, a 
“two-way” spreadplot in which each cell presents information about the cross-
classification of the first two ways of the data (which are survival and age). These data 
were obtained from Dawson3. 

 This spreadplot includes the following plots for the combinations of up to four 
classification variables (more variables may be used, but four is the maximum which 
can be combined). 

A mosaic plot of frequencies. This plot visualizes an n-way contingency table by 
portraying the frequencies as "tiles" whose size (area) is proportional to the table’s 
frequencies. The colors encode the Pearson residuals of the cell with respect to the 
model of mutual independence (the probabilities in a cell are products of one way 
marginal probabilities). Blue means a positive residual. Red indicates a negative 
residual. The names of the categories, the value of the observed frequency and the value 
of the residual of the associated cell in the table data are shown when the pointer of the 
mouse is moved across the mosaic plot.  

A stacked bar graph of the frequencies. This plot shows bars that have a length 
proportional to the values of the cells. A variable can be crossed with these bars so they 
are split into stacks of rectangles that are proportional to the absolute value of the 
corresponding cell. Colors of the bars are the same as the colors of the Mosaic plot’s 
tiles. Mouse movement has a similar effect on the bars as on the tiles. 



 

 

Figure 2: Spreadplot for visualization of frequency data in ViSta 

A table of frequencies for the cross-classification of the categories of the variables 
included in the visualization. 

A list of ways of the table (classification variable names) which permits us to 
determine which variables are visualized in the other cells of the spreadplot. 

The spreadplot for frequency data is designed to explore the effect of interactively 
adding new variables to it. This is controlled by the “Change Plots” window in the 
upper right corner, a window which displays the names of the ways of the table. 
Clicking on a name produces a “one-way” spreadplot for the variable selected. A ctrl-
click on another name adds that name to those already selected and changes the 
spreadplot to a “two-way” spreadplot. Three-way and four-way spreadplots can be 
created by additional ctrl-clicks. Similar effects can be had by dragging the mouse 
across adjacent names. 

This spreadplot provides a first evaluation of the data that an analyst can use to 
decide whether a more sophisticated exploration or analysis is necessary. In this case, an 
examination of the different combinations of variables lead us to the conclusion  that a 
more sophisticated approach would be necessary. 



4 FREQUENCY ANALYSIS 

Frequency analysis in ViSta at this moment has the same visualization as previously 
discussed. However, work for including loglinear analysis into it is under way.  

ViSta offers the possibility of obtaining crosstabulations of two variables like shown 
in table 1. Output for the association of the variables is also shown. This 
crosstabulations can be splitted by control variables. In case that the matrix is 2x2, it 
prints a test for the homogeneity of association through the strata. An example of the 
printed report is in figure 3. 

 

Figure 3: An example of the text report for frequency analysis in ViSta 

5 CORRESPONDENCE ANALYSIS 

Correspondence Analysis is a exploratory technique that displays the rows and 
columns of a contingency table as points in a graph. This technique is regarded as a 
dimensionality reduction method because tries to fit the data in usually two or three 
dimensions accounting with the maximum of variance7. 

This technique shows the deviation of the expected values for two variables with 
regard to the model of independence. Therefore, a table with a non-significant Chi 
Square Coefficient will result in an uninteresting output. On the other hand, 
correspondence analysis is usually more interesting when the variables have many 
categories and understanding of their interrelations is the main goal of the analysis. 



However, in order not to produce an overwhelming example we will use a moderately 
complex contingency table. This example corresponds to the hair and eye color data 
used by Friendly in his papers on Mosaic Displays. Data reported by Snee9. They are 
shown in table 2. 

 

Table 2: Crosstabulation of hair and eye color for a group of people. 

The visualization for correspondence analysis for this table is shown in figure 4. This 
visualization includes five plots and a list. We will describe them from left to right and 
top to down. 

1) List for categories of variables analyzed. It is placed on the left of the spreadplot. 
This list is linked to the spin plot, the scatterplot, the scatterplot-matrix and the 
boxplot of categories of variables. Colors are used to distinguish between the row 
variable (eye color in this case) and the column variable (hair color). 

2) Scatterplot-matrix. This plot is linked with the spin-plot, the scatterplot and the 
boxplot. Using the hand tool, clicking on a plot cell selects the dimensions shown in 
other plots of the spreadplot.  

3) Spin-plot of row and column-points. This plot portrays three dimensions of the 
correspondence analysis solution.  

4) Scatterplot of row and column points. This plot shows only the first two dimensions 
of the correspondence analysis solution. 

5) Boxplot of row and column points. This plot shows the coordinates of the 
correspondence analysis solution. It can show as many dimensions as computed in 
the analysis. 

6) Mosaic plot of the data. The colors of the cells symbolize the standardized residuals 
from the model of independence as in the basic visualization of the data described 
previously. The rows and columns are sorted according to the scores of the objects 
in the first dimension of the correspondence analysis. This makes  that cells with 
positive residuals fall approximately on the diagonal running from left down to right 
top. Negative residuals will fall on the diagonal running from right top to left down.  

7) Scree plot. Represents the inertia of the dimensions of the result. Brushing the 
spreadplot or selecting a point will show the value of the inertia and the percentage 
of total inertia of each dimension.  



Interpretation of this example is quite straightforward. The first dimension accounts 
for almost a 90% of the total inertia so we may focus on it without much loss. 
Traditionally, interpretation of correspondence analysis has been done using 
scatterplots, but we will use the mosaic plot. Both the rows and columns are sorted from 
light to dark colors, and cells corresponding reveal positive residuals. For example, hair 
blond and blue eyes or black hair and brown eyes.  

 

Figure 4: Visualization for correspondence analysis. 

HOMOGENEITY ANALYSIS-MULTIPLE CORRESPONDENCE 
ANALYSIS 

ViSta performs Multiple Correspondence Analysis (MCA) using the Homogeneity 
Analysis by Alternating Least Squares (HOMALS) method6. MCA provides a graphic 
portrayal of the bivariate relationships between categorical variables, and can be useful 
to understand large, multivariate categorical datasets. MCA is a technique that has 
received many different names and that has been derived in different ways in different 
disciplines and contexts10. We will analyze again the data about the titanic sinking. As 
indicated in table 1, this method needs a categorical data matrix for computing the 
analysis. The analysis starts with the following dialog box for options for the analysis. 
Using the default options, the computer will print the history for iterations shown in the 
figure 6.  



 

Figure 5: Dialog box for Homogeneity Analysis 

 

Figure 6: History of iterations for Homogeneity Analysis for the Titanic data. 

The visualization for the result is shown in figure 7. There are four elements in this 
visualization. 

1) List of the objects or rows in the dataset and the categories of the variables or 
columns. This list is linked with both the spinplot and the scatterplot matrix. Colors 
are used to distinguish between variables, so, for example, the categories of the 
variable survive are coded in red, adult and child in green, sex in grey and class in 
purple (not seen in black and white versions of this paper). 

2) Spinplot for the categories of the variables and the objects in the dataset. Notice that 
when there are several cases with the same combination of categories they will be 
represented with exactly the same score in the plot, so each visible point will 
correspond to many points. Notice that the picture has been zoomed out so the 
category child is out of it, on the top extreme of the figure. First dimensions runs left 
to right and second dimension top to down. 



3) A scatterplot matrix of the first 5 dimensions of the result. This is similar to the 
spinplot but by each pair of variables. 

4) A plot of the discrimination measures for each variable and, simultaneously, the 
inertia by each dimension. The discrimination measures indicate how well 
represented is a variable by each dimension. They are  the sum of the squares of the 
distances of the categories of every variable respect to the origin. The inertia of each 
dimension is the average of the discrimination measures of all the variables for that 
dimension and is represented by the green line in the plot. The labels of the 
variables and the profiles along the dimensions can be examined by using the brush 
tool in the scatterplot. 

 

Figure 7: Visualization for homogeneity analysis 

It can be seen in the plot of figure 7 that Survival in the Titanic was associated with 
being female, travelling in first or second class and being a child rather than an adult.  

DISCUSSION 

ViSta can be regarded as an exceptional tool for data analysis because of the central 
role given to graphics in it. This has permitted investigating new ways of using and 
understanding data analysis techniques. In this sense, we are convinced that the use of 
this program for research and teaching is, by all means, highly recommendable. 
However, ViSta is an ongoing work so we expect to add more features and improve  its 
capabilities in the close future. We will provide an overview of the possible extensions 
to be developed in the close future. 

1) Data manipulation 



ViSta at this moment does not have a full language for crosstabulations of data like 
other statistical packages have. This can be a limitation for computing square tables 
from datasets with three or more variables. For example, given three categorical 
variables A, B, C, the crosstabulation A-B with C needs to write a small program in any 
of ViSta’s programming languages. A concatenation function will solve this problem 
very easily. 

2) Loglinear modeling 

Loglinear modeling is an approach for analysis of categorical data that provides a 
degree of accuracy for hypothesis testing that the methods currently implemented do not 
have. An implementation of these methods in ViSta is currently under development and 
it should be finished by the time that this work is presented. 

3) Homogenization of principal component analysis correspondence analysis and 
multiple correspondence analysis. 

Methods for reduction of dimensionality are very related (see for example10 for a 
reinterpretation of multiple correspondence analysis in terms of principal component 
analysis) but they have been often described separately without mention of the 
interrelationships they have. We have been working towards avoiding this disparity in 
ViSta by making the visualization for these three methods as similar as possible. The 
result should be a set of similar plots for the different methods that can be interpreted in 
similar ways. This would make teaching of the methods easier than now. 

We would like to finish this work by mentioning one of the most important features 
we think that ViSta has: Fun. Our experience with users is that they often have fun 
doing their analysis when using ViSta. It is not uncommon to hear comments such as 
“Hey, this is fun!” or “It’s like a video game”, or “Lets play with our data”! The highly 
interactive, highly dynamic graphics that are supported by the ViSta architecture 
provide the foundation for building an environment in which data analysis is fun. And 
we believe that a data analyst who is having fun is one who is more likely to have 
insight. 
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