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ABSTRACT 

Despite categorical dimensions being common in real-world 
datasets, few visualisation techniques support the analysis of 
multiple categorical variables at the same time. Those methods 
that do exist do not scale well, or do not consider relationships 
between all variables simultaneously, instead breaking them down 
into more restricted views or reflecting a hierarchy of variables. 
Drawing inspiration from set-based tools, this paper introduces a 
novel technique for visualising multivariate categorical data, by 
aggregating different combinations of categories. Advantages of 
this approach include the ability to easily compare frequencies 
among both variable categories and their combinations, the 
absence of line crossings, and a non-hierarchical layout that does 
not privilege one variable above all others. 

Keywords: Categorical data, multivariate data, multidimensional 
data, interaction, set-based data. 

1 INTRODUCTION AND MOTIVATION 

Categorical data are prevalent in a wide range of disciplines, 
including the behavioural and social sciences, public health, 
biomedical science, education and marketing [1]. Furthermore, 
given datasets often contain a mixture of data types, categorical 
data can provide important context for understanding continuous 
variables [2]. In spite of this, few visualisation techniques exist for 
properly dealing with categorical data, and fewer still facilitate 
analysis of a large number of categorical variables. 
    Mosaic Plots are a prominent technique for visualising 
categorical data [3]. A major limitation, however, is that they

  
 
 
 
 
 
 
 
 
 
 
 

 
 
quickly become difficult to read when displaying more than three 
variables. Parallel Sets [2] offer a more scalable alternative, 
capable of handling 10-15 categorical variables in an interactive 
environment; however, the technique invariably suffers from line 
crossings and perceptual distortions [4]. These disadvantages are 
partially addressed by Hammock Plots [5] and Common Angle  
Plots [4], but as with the other two techniques, the order in which 
dimensions are plotted can drastically alter the display. Motivated 
by these limitations, we propose MultiCat, a novel technique for 
visualising and interactively exploring large categorical datasets. 

2 THE MULTICAT TECHNIQUE 

In categorical datasets, it is likely that certain combinations of 
orthogonal variables will occur more frequently than others. The 
MultiCat technique leverages this fact to reveal high-dimensional 
category associations. Figure 1 shows how the data are aggregated 
in two distinct ways. First, frequency information is given for all 
categories in the table summary on the left-hand side. Second, the 
frequency of all combinations involving those categories is shown 
in the main display. The main visualisation can be thought of as a 
matrix in which ‘rows’ represent categories and ‘columns’ 
represent combinations. Colour is used to denote category 
membership, thereby helping to distinguish variables and 
reinforce connections between them.  
    We exemplify MultiCat using the well-known Titanic dataset 
[6] in Figures 1 and 2. When interpreting these figures, the table 
summary provides an important overview of category 
distributions. For each category, the number of currently selected 
items is shown, alongside the marginal probability of the category 
and a bar chart that visually encodes this information, using the 
fixed width of the column to represent the entire dataset. The table 
in Figure 1 helps highlight that the crew accounted for a 
surprisingly large proportion of people on board, that only a small 

Figure 1: MultiCat visualisation of the Titanic dataset, drawn using diagrams.net. 
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proportion of passengers were women and children, and that the 
people on board were twice as likely to die than survive. 
    Turning to the main display, each distinct combination of 
categorical values is depicted as a vertical line, with circles 
showing connections between variables. Being a fully orthogonal 
dataset, every combination contains exactly four circles, one of 
each colour. The yellow bars above combinations encode their 
frequency, and these are sorted in descending order from left to 
right. Of course, these bars could be re-coloured to encode 
additional information or to emphasise a particular variable of 
interest. In the figure, we see that the largest group of people on 
board the Titanic (which considers all four variables) was 670 
male adult crew members who tragically died, followed by 387 
male adult third class passengers who suffered the same fate. The 
least frequent combinations (on the right-hand side) reveal 
outliers, such as one girl in first class who survived (she was, in 
fact, the only girl in first class), and three female crew members 
who did not. While all relationships can be read directly from the 
graph, interaction can play a critical role in reducing the user’s 
cognitive load, by showing only relevant connections (Figure 2). 
    In terms of scalability, spatial requirements for MultiCat are 
correlated with ‘categorical diversity’ (number of categories and 
observed combinations) rather than number of data items. 

3 CONNECTION TO SET-BASED TECHNIQUES 

MultiCat is inspired by two existing visualisation techniques: 

PAOHVis [7] and UpSet [8]. Respectively, these tools are 

designed for analysing sets (hypergraphs) and set intersections, 

rather than visualising categorical data. However, some mapping 

of concepts between these approaches is possible for the purposes 

of comparison. Key differences with MultiCat include how the 

horizontal bar chart is used, the use of colour to distinguish 

variables and the potential for advanced statistical queries. 

    In PAOHVis terms, the main display is a hypergraph or family 

of sets, in which categories are vertices/elements and 

combinations are hyperedges/sets. More precisely, the display is a 

k-uniform multi-hypergraph, because repeated hyperedges are 

permitted and all hyperedges contain exactly k vertices, where k is 

the number of variables under investigation. Unlike PAOHVis, we 

automatically consolidate identical hyperedges and encode their 

frequency using a bar chart (rather than line thickness), so that all 

combinations have the same width. 

    In UpSet, each line depicts a set intersection corresponding to 

an individual segment of a Venn diagram. Applying this 

conceptual model, each category is a set, and combinations are set 

intersections. MultiCat constitutes a restricted use case of UpSet, 

whereby only certain intersections are possible: specifically, k-set 

exclusive intersections involving one category per variable. The 

‘cardinality’ of a set intersection relates to the frequency of a 

particular category combination. 

4 INTERACTION 

We envisage MultiCat supporting a rich set of interaction 

methods, two of which are described below. Other methods not 

covered here include filtering and advanced statistical queries. 

4.1 Selection and Highlighting 

Figure 2 illustrates how category selections could help highlight 
relationships in MultiCat. Combinations matching a selection are 
accentuated with thick lines, and all other combinations are faded 
out. Category bars and numerical summaries are also updated to 
reflect selected category proportions. The horizontal yellow bar at 
the top left of the display shows the proportion of selected items 
across the entire dataset. When multiple categories are selected,  

 
 
 
 
 
 
 
 
 
 
 
the system takes the intersection of categories across different 
variables, and the union of categories across the same variable. 
Selecting one category for a variable negates all its other levels 
unless they are also manually selected. This functionality supports 
complex queries, enabling, for instance, a comparison of the 
mortality rate of male passengers with male crew members. 

4.2 Sorting 

Sorting can be used to emphasise relationships and better utilise 
the available screen space. Users can sort categories along the y-
axis in three ways: 1) by variable, then frequency; 2) by overall 
frequency; 3) by category counts for the current selection. 
Similarly, combinations can be sorted along the x-axis by overall 
frequency, or so that selected combinations appear on the left-
hand side, and non-selected ones to their right. 

5 CONCLUSION 

This paper has introduced MultiCat, a visualisation technique for 
exploring inter-variable associations alongside categorical 
distributions. By drawing connections with PAOHVis and UpSet, 
we have shown that categorical data can be fruitfully 
conceptualised as a special kind of set-based problem. MultiCat 
overcomes limitations of traditional displays like Mosaic Plots, by 
enabling a clear comparison of frequencies and avoiding a 
hierarchy of variables. Future work will focus on developing a 
fully functional prototype, testing it with datasets of varying 
complexity, and making changes based on stakeholder feedback. 
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Figure 2: Highlighting in MultiCat. 
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across the entire dataset. When multiple categories are selected, 

stuffing happens  

 


