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ABSTRACT
For categorical data there does not exist any similarity mea-
sure which is as straight forward and general as the numerical
distance between numerical items. Due to this it is often dif-
ficult to analyse data sets including categorical variables or
a combination of categorical and numerical variables (mixed
data sets). Quantification of categorical variables enables
analysis using commonly used visual representations and
analysis techniques for numerical data. This paper presents
a tool for exploratory analysis of categorical and mixed data,
which uses a quantification process introduced in [16]. The
application enables analysis of mixed data sets by provid-
ing an environment for exploratory analysis using common
visual representations in multiple coordinated views and al-
gorithmic analysis that facilitates detection of potentially
interesting patterns within combinations of categorical and
numerical variables. The effectiveness of the quantification
process and of the features of the application is demonstrated
through a case scenario.

Categories and Subject Descriptors
I.3.6 [Computer Graphics]: Methodology and Techniques—
interaction techniques; I.5 [Pattern Recognition]: Miscel-
laneous

1. INTRODUCTION
In many research and application areas data sets including

categorical variables or a combination of categorical and nu-
merical variables (mixed data sets) are nothing unusual. Al-
though several similarity measures exist that can be used for
categorical data, such as the Jaccard coefficient [26], overlap
and Goodall similarity [4], these are usually not as straight
forward and general as similarities within numerical vari-
ables. Due to this, categorical data is often more difficult to
visualize and analyse. Moreover, many commonly used vi-
sualization techniques, such as parallel coordinates [14, 28]
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and scatter plots, have been developed for visualization of
numerical data and are hence based on the numerical simi-
larity or distance between data items. Several visualization
techniques developed for categorical data exist, but their ef-
fectiveness is often highly dependent on the structure of the
data and on the analysis task. Moreover, they are often un-
able to represent mixed data sets including a combination of
categorical and numerical variables.

One approach to overcome the difficulties involved in visu-
alization of categorical and mixed data sets is to quantify the
categorical data, representing the categories with numerical
values, which enables analysis using the more general meth-
ods developed for numerical data. To avoid misleading the
analyst into drawing incorrect conclusions when employing
this approach, it is crucial to find a quantification that pre-
serves the relationships within the data set.

In [16] an interactive quantification process was presented,
which utilises the efficiency of algorithmic data analysis as
well as making use of the knowledge of domain experts. This
process identifies numerical representations that preserve re-
lationships within the data and enables modification based
on the analysis task and user knowledge.

This paper presents MiDAVisT (Mixed Data Analysis Vi-
sualization Tool), which is an application that has evolved
from the process and interactive environment presented in
[16]. MiDAVisT is an interactive tool for analysis of cat-
egorical and mixed data sets that provides a combined al-
gorithmic and user controlled quantification of categorical
variables, enabling analysis using both algorithmic methods
and visual representations developed for purely numerical
data sets. MiDAVisT also provides an interactive environ-
ment for visual and exploratory analysis where commonly
used visual representations for numerical data are provided
and combined with common algorithmic analysis methods
to facilitate detection of patterns and relationships between
categorical and numerical variables. The effectiveness and
usefulness of the application is demonstrated through a case
scenario where relationships within and between categorical
and numerical variables in a mixed data set are identified
using the features provided in MiDAVisT. The main contri-
butions of this paper can be summarised as:

• An interactive application for user controlled quantifi-
cation and analysis of data sets including a combina-
tion of categorical and numerical variables, enabling
analysis based on relationships within all variables of
the data set.
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• An exploratory environment including multiple coor-
dinated views, where visual representations and algo-
rithmic analysis methods developed for numerical data
are provided for exploration and pattern detection in
mixed data sets.

The paper is organised as follows. Section 2 presents re-
lated research. In section 3 the quantification process is
described and in section 4 the visual exploration environ-
ment of MiDAVisT is presented. Section 5 contains a case
scenario that demonstrates the features and effectiveness of
MiDAVisT. This is followed by conclusions and future work
in section 6.

2. RELATED WORK
Several visualization techniques exist that are designed

specifically for visualization of categorical data. Some ex-
amples being fourfold displays [9], where the cell frequen-
cies of two-by-two tables are represented by quarter circles,
mosaic displays and mosaic matrices [7, 8, 9], which repre-
sent multi-way tables with tiles whose sizes are proportional
to the cell frequencies. Parallel sets [18] is a visual repre-
sentation with a layout similar to parallel coordinates [14,
28] where the categories of a categorical variable are repre-
sented with a set of boxes whose sizes are proportional to the
category frequency. In parallel sets the numerical variables
of mixed data sets are represented by separating numerical
values into bins. Further one example where the layout of
parallel coordinates is used for categorical data visualization
is presented in [13], where parallel coordinates are extended
to avoid data overlay, meaning data items being concealed
by other data items. This is achieved by spreading the lines
over additional axes and by sorting the lines according to
what categories they belong to in the adjacent axes.

These techniques all attend to visualization of categorical
and mixed data, and are hence related to the approach pre-
sented in this paper. However they all suggest single visual
representations, whereas the application presented in this
paper focuses on quantification of categorical data and anal-
ysis using common methods and visual representations for
numerical data, hence providing a more general and diverse
environment for visual analysis.

A range of similarity measures exist for measuring the sim-
ilarity between individual categorical data items. The most
simple one being the overlap similarity [4] which assigns a
similarity value of 1 if two items match for a variable and 0 if
they do not match. Although straight forward, the overlap
similarity has a major drawback in that all matches and all
mismatches are treated as equal. The Jaccard coefficient [26]
is a similarity measure for binary data which is also based
on category matching, but only considers matching of ones
for binary items, whereas matching of zeros is ignored, this
makes the Jaccard coefficient a suitable similarity measure
for sparse data. None of these similarity measures are, how-
ever, suitable for the application presented in this paper un-
less modifications are made, since categorical variables are,
in general, not binary and since both measures only con-
sider whether items match or not and do not take any other
properties of similarity into consideration.

Another approach to similarity in categorical data is to
use data-driven similarity measures, such as the Goodall,
Occurrence Frequency, and Smirnov similarity measures [4].

For these measures the frequency distribution of variables
is taken into account when measuring similarity and, as a
result, the behaviour of the measures is directly dependent
on the structures in the data set, and is hence not as general
as numerical similarity.

Several approaches to quantification of categorical data
have been previously presented. In [19] a technique for or-
dering of categorical data is introduced, where clusters of
categories are formed based on domain semantics and the
categories are ordered in a way that minimises the distances
within the clusters. In [24] categorical data is quantified
based on the association of categories in a categorical space.
The quantification is achieved using Correspondence Anal-
ysis (CA) [12], as described in detail in section 3.1. In [21]
this technique is incorporated into a framework for mapping
of diverse data types.

CA has been used in different ways in visualization. In [7,
8, 9] it is used to reorder the categories in mosaic displays,
and [12] presents a number of ways to visualize the result of
CA using scatter plot techniques, such as CA Maps where
CA is used to position the categories in a plot, and CA
Bi-plots where each row and column of a table is displayed
as a point. In [12] CA is also suggested as a technique for
quantification of categorical data in order to apply statistical
techniques that require numerical data.

The quantification approach of MiDAVisT is based on the
quantification process presented in [16]. This process is sim-
ilar to the approach presented in [24], but extends it by in-
corporating the relationships of numerical variables into the
quantification process and by utilising the domain knowledge
of expert users, as described in detail in section 3.

In addition to this MiDAVisT also provides an interactive
environment for visual exploration by combining algorith-
mic analysis and multiple coordinated views. Using multi-
ple coordinated views is a well established concept [2, 5, 23]
that has been successfully used to overcome the difficulty of
presenting large amounts of data in one screen while simul-
taneously making it possible to find detailed structures. A
number of tool-kits and applications exist that can be used
for visual exploration using multiple coordinated views com-
bined with algorithm analysis, some examples are XmdvTool
[27], GAV [15], InfoVis Toolkit [6] and the Hierarchical Clus-
tering Explorer [25]. MiDAVisT has been implemented using
the GAV framework.

3. INTERACTIVE QUANTIFICATION
This section briefly describes an interactive process for

quantification based on algorithmic analysis and knowledge
of domain experts, which was introduced in [16]. MiDAVisT
employs this approach for quantification of categorical data,
as well as for identification of similarities and relationships
between categories. The data set used to demonstrate the
process is an automobile data set containing 205 data items
and including 6 categorical and 8 numerical variables [1].

When performing quantification of categorical data it is
of high importance to find numerical representations that
preserve the existing relationships within the data set. The
quantification process described in this section uses CA to
identify similarities between categories, however any algo-
rithm able to identify similarities between categories could
be used.
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3.1 Correspondence Analysis
CA is a method for analysis of frequency tables, where

each cell represent the frequency of a combination of cat-
egories [11, 12, 24]. An example frequency table for two
categorical variables (eye colour and hair colour) is shown in
table 1. For larger numbers of categorical variables, tables
that contain all possible category combinations within the
data set are used.

CA identifies similarities between the cells of the frequency
table, and can be seen as a special case of Principal Compo-
nents Analysis [17]. An example of similarity between cate-
gories can be seen in table 1 where the brown and hazel rows
follow a similar pattern with highest frequency for brown hair
and lowest frequency for blond hair. Hence brown and hazel
can be considered as similar. The row representing blue eyes
is less similar to brown and hazel, with high frequencies for
both brown and blond hair.

Initially CA computes a correspondence matrix, P = N
n

whereN is the frequency table and n is the grand total of the
table. P is normalised and centred (equation 1) using �r and
�c, which are vectors containing the row and column sums
respectively, and Dr and Dc, which are diagonal matrices
with �r and �c as diagonals.

S = Dr
−1/2(P− �r�cT )Dc

−1/2 (1)

CA identifies independent dimensions in the frequency ta-
ble by applying Singular Value Decomposition (SVD), S =
UΣVT where U and V are unitary matrices and Σ is a di-
agonal matrix where the diagonal values are singular values
of S [10]. The first independent dimension explains most
of the variance within the table, and the variance explained
decreases with every succeeding dimension. Principal axes,
F, of the table rows are extracted as in equation 2.

F = Dr
−1/2UΣ (2)

Based on the theory of optimal scaling [12] the first prin-
cipal axis of F, which is related to the first independent

Table 1: A frequency table for two variables, eye
colour (rows) and hair colour (columns). Each cell in
the table represents the frequency of a combination
of categories.

Black Brown Red Blond
Brown 11 20 4 1
Blue 3 14 3 16
Hazel 3 9 3 2
Green 1 5 2 3

Table 2: The first principal axis when CA has been
performed on table 1. The values of this axis are
used as numeric representations of the row cate-
gories.

First principal axis
Brown -0.5103
Blue 0.5516
Hazel -0.2098
Green 0.1891

Figure 1: The suggested quantification of the cate-
gorical variables subsequent to correspondence anal-
ysis, displayed using parallel coordinates. The cate-
gorical variables are positioned to the left in the dis-
play and each category is represented by its name.
The red arrows point out the categories five and three
in the number-of-cylinders variable, which are consid-
ered similar to each other. A category that is con-
sidered less similar to them (eight) is pointed out by
a green arrow.

dimension in SVD, can be used as numeric representations
of the row categories in the frequency table. In this way
a quantification is performed based on the relationships of
all categories within the data set. Table 2 displays the first
principal axis when CA has been applied to table 1. As can
be seen the brown and hazel categories are represented by
values close to each other, suggesting that they are similar,
whereas blue is represented by a value further away, indicat-
ing that it is less similar to brown and hazel.

3.2 Categorisation of Numerical Data
CA is performed on frequency tables where each cell repre-

sents the frequency of a combination of two categories, hence
enabling a quantification based on the relationships within
the categorical variables. If performing CA on a data set
containing both categorical and numerical variables, the nu-
merical variables need to be incorporated into the frequency
table. This categorisation must be done in a way that pre-
serves the existing numerical relationships. By this a quan-
tification is performed that is based on relationships within
both categorical and numerical variables.

The quantification process used in MiDAVisT provides two
methods for categorisation of numerical data. One being a
manual categorisation, where the user is allowed to inter-
actively divide the data items into a number of categories
guided by a visual display, and the other being an algorith-
mic categorisation using K-means clustering [20]. Using the
K-means categorisation the relationships within the numer-
ical variables are preserved, and hence the distance informa-
tion within the numerical variables influences the quantifi-
cation.

3.3 Interactive Modification
The quantification achieved through categorisation of nu-

merical data followed by CA is presented to the user using
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parallel coordinates, as shown in figure 1. This is a sugges-
tion of how the categories can be quantified, based on the
relationships within the data set, and also a presentation of
similarities between categories. In figure 1 for instance, the
categories five and three in the number-of-cylinders variable
(pointed out with red arrows) are considered similar since
they are positioned close together, whereas eight (pointed
out with a green arrow) is considered less similar to five and
three since it is positioned further away from them.

Although the algorithmic quantification is efficient, a do-
main expert may possess knowledge about the data and of
the analysis task that the algorithm is unable to detect. To
make use of this domain knowledge MiDAVisT provides pos-
sibilities for the user to modify the result of the quantifica-
tion. The modifications include a manual reordering, which
is performed by dragging and dropping categories within an
interactive display, as well as a category weighting where the
user assigns weight values to combinations of categories to
indicate if they are to be more or less similar to each other,
followed by CA re-computation as described in detail in [16].

In addition to this MiDAVisT also provides the possibil-
ity of undoing the modifications made by the user. This
provides interactivity and exploratory freedom to the user
by allowing analysis of different modifications without de-
manding a re-quantification to return to the quantification
originally suggested by the algorithm.

3.4 Category Merging
For categorical variables with high cardinality, difficulties

may arise if different categories are represented with numer-
ical values close to each other. Since one category may con-
ceal others this can cause a cluttered display. To avoid this
MiDAVisT provide possibilities to merge several categories
into one.

The merging can be performed based on the distance be-
tween the quantified categories, using a distance threshold
which is interactively controlled by the user. This results
in a merging where highly similar categories are merged into
one representative category. Another approach available is a
manual grouping where the user interactively selects a num-
ber of categories that are to be merged into one. In ad-
dition to this MiDAVisT provides possibilities of splitting
any merged group of variables into its original categories
throughout the analysis process. Figure 2 displays the scat-
ter plot and figure 3 the graphical user interface (GUI) used
for merging of categories. The glyphs of the scatter plot rep-
resent the categories of a selected variable, the x-axis repre-
sents the first principal axis achieved through CA, and the
y-axis represents the second principal axis. In the GUI a
threshold is set to identify categories that are close enough
to be merged into one category, the suggested groups are rep-
resented by colour in the scatter plot, where the same colour
is used for all categories within a group. One group con-
taining three categories is selected and highlighted in black
in figure 2, and the names of the categories are displayed
within the GUI (figure 3).

4. VISUAL EXPLORATION
The quantification process described in section 3 not only

provides a quantification of categorical variables which is
based on relationships within the whole data set and on the

Figure 2: The scatter plot of the category merg-
ing interface, which displays the distribution of cat-
egories within a selected variable along the first and
second principal axis resulting from correspondence
analysis. In this example three categories (high-
lighted in black) are selected to be merged into one.

Figure 3: The graphical user interface (GUI) for
merging categories. Merging can be either fully
manual or guided by a similarity threshold. The
names of the three categories selected in figure 2 are
displayed in the right part of the GUI.

knowledge of an expert user. Through the visual represen-
tations used, it also provides an understanding of relation-
ships and similarities between categories. Furthermore, any
data set that has been quantified in MiDAVisT can be saved
and re-opened at a later time, preserving all information on
quantification and modifications made by the user.

In addition to the quantification MiDAVisT also provides
an interactive environment for visual exploration of categor-
ical and mixed data sets using multiple coordinated views.
Within this environment the data set is treated as a numer-
ical data set and three common visual representations for
numerical multivariate data are used. Figure 4 shows the
environment where a scatter plot matrix [3] is positioned in
the top left view, a table lens [22] in the top right view and
parallel coordinates [14, 28] in the bottom view. Within the
table lens and parallel coordinates the category names are
presented in addition to the numerical representations. The
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Figure 4: The multiple view environment for visual exploration of categorical or mixed data sets. In the top
left view is a scatter matrix displaying variable pair correlation using green and purple colour. In the top right
view is a table lens where the rows are ordered according to the make variable. The bottom view displays the
data using parallel coordinates. The purple slider to the right of the parallel coordinates is used to control the
transparency of the parallel coordinates lines. Colouring, selection and highlighting is coordinated between
the views. In this example all Porsches are highlighted using red colour.

views are coordinated so that any selection or highlighting
of items in one view is immediately reflected in the others.

To facilitate detection of structures and relationships in
the data three different colour schemes are available within
MiDAVisT. The default colour scheme uses a single colour to
represent the data items that are not highlighted, as shown
in figure 4. Using this colour scheme, individual items that
are selected and highlighted in red are easily perceived in the
parallel coordinates and table lens, enabling an understand-
ing of the behaviour of individual items. The second colour
scheme facilitates understanding of the relationships of cat-
egories, by supplying one individual colour for each category
of a selected categorical variable, as shown in the top view of
figure 5 where colouring is done according to the categories
of the number-of-cylinders variable and parallel coordinates
are used to display the colour schemes.

The third colour scheme, shown in the bottom view of
figure 5, is used to emphasise cluster structures within the
data set. This colouring is achieved by performing K-means
clustering on the whole data set after the categorical vari-
ables have been quantified. Each cluster is assigned a unique
colour and the data items are coloured according to their
cluster membership.

In MiDAVisT the understanding of relationships between

variables is facilitated through visual representation of cor-
relation values. The Pearson correlation coefficient, r, is
computed for every pair of variables according to equation
3, where N is the total number of data items and �xj and
�xk are variables where j, k = 1, ...,M and M is the total
number of variables in the data set.

r(�xj , �xk) =

N
PN

i=1 xi,jxi,k −
PN

i=1 xi,j
PN

i=1 xi,k

(N
PN

i=1 x
2
i,j − (

PN
i=1 xi,j)

2)(N
PN

i=1 x
2
i,k − (

PN
i=1 xi,k)

2)

(3)

The correlation values are represented by coloured cells in
the top left half of the scatter matrix, as shown in figure 4,
where each cell represent the correlation of a variable pair.
Positive correlation is represented by purple and negative
correlation by green. Strong correlations are represented by
darker colour than weak correlation.

5. CASE SCENARIO
This section describes how a fictional person, a veterinar-

ian named Cate, can use MiDAVisT to analyse a mixed data
set. The data set used in the case scenario is a slightly re-
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Figure 5: Two of the colour schemes available in
MiDAVisT. The top view displays a colouring ac-
cording to the number-of-cylinders variable, where each
category of this variable is assigned a unique colour.
The bottom view displays a cluster colouring, where
colours are assigned according to cluster belonging
when K-means clustering has been performed on the
whole data set.

duced version of the horse colic data set in [1], including 13
categorical variables and 5 numerical. All conclusions drawn
in the scenario that require domain knowledge are based on
additional information included with the data set.

Cate is about to analyse a data set of 300 horses that
have been treated for colic. The data contains information
on different symptoms such as body temperature, pulse, ab-
domen shape and pain, as well as additional information on
whether surgery was performed and on the outcome of the
treatment. Cate has previously been introduced to some in-
teractive tools for data visualization and exploration through
a friend, and is hence familiar with common visual represen-
tations.

Cate starts the analysis by loading the data set into Mi-
DAVisT, and decides to use the clustering approach to cat-
egorise the numerical variables, since she is mainly inter-
ested in relationships between symptoms that are based on
all variables in the data set. MiDAVisT automatically per-
forms K-means clustering followed by correspondence anal-
ysis, as described in section 3, and within a few seconds a
quantification suggestion is presented using parallel coordi-
nates (figure 6). Within this display Cate can for instance
see that the distended small intestines and distended large
intestines categories (pointed out with red arrows) are po-
sitioned close together, indicating that most of these horses
had similar symptoms, whereas the horses that have a nor-
mal abdomen (pointed out with a green arrow) mostly have
less similar symptoms to the horses with distended small in-
testines and distended large intestines, as indicated by it be-
ing positioned further away. Furthermore she can see that
the quantification indicates that horses having dark cyan-
otic or bright cyanotic coloured mucous membranes (pointed
out with bright blue arrows) have similar symptoms, which
agrees with her knowledge that both these colours are indi-
cators of serious circulatory compromises.

In general Cate considers that the suggested quantification
and similarities agrees with her previous knowledge and ex-

Figure 6: The suggested quantification of the horse
colic data set. Categories positioned close to each
other, such as distended small intestines and distended
large intestines (red arrows), indicate that these horses
have similar symptoms in general, whereas horses
belonging to a category positioned further away,
such as normal (green arrow), have symptoms that
are less similar to the previous categories. The blue
arrows point out the horses that have dark cyanotic
or bright cyanotic coloured mucous membranes, which
also are positioned close together, indicating similar
symptoms.

Figure 7: Manual modification of category positions.
The left figure displays the suggested quantification.
In the centre figure the user has dragged the cool
category on top of the cold category. When dropping
a category on top of another they swap positions, as
shown in the right figure.

perience. However, she finds the ordering of the temperature
of extremities (third axis from left in figure 6) slightly illog-
ical, since normal temperature is positioned closer to cold
than to cool. Due to this she decides to manually change
the ordering of this variable by dragging the cool category
and dropping it on top of the cold category. This immedi-
ately swaps the positions of the two categories, as shown in
figure 7.
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Figure 8: The multiple views environment when coloured according to the categories of the outcome variable,
green represent lived, blue represent euthanized and red represent dies. In the table lens the rows are ordered
according to the abdominal distension variable, with none as top category, followed by slight and moderate, and
with severe as thin lines below. The empty lines at the bottom are missing values that represent horses where
this variable was not recorded.

Since no variables contain large numbers of categories,
Cate does not find it useful to merge any categories, and
since she is now satisfied with the quantification she opens
the visual exploration environment within MiDAVisT (fig-
ure 8). From her experience and knowledge Cate is aware
that the abdominal distension is an important symptom,
and based on this she decides to examine the relationship
between the abdominal distension variable and the outcome
variable. Figure 8 shows the multiple views environment
when colouring is done according to the outcome variable,
where green corresponds to horses that survived, blue to
horses that were euthanized and red to horses that died from
the colic. The rows of the table lens are ordered according to
abdominal distension and, as can be seen, the two top cate-
gories in the table lens (which represent the none and slight
categories) are mainly coloured green, whereas the lower cat-
egories, representing moderate and severe abdominal disten-
sion contain more red and blue. This indicates that there is
a relationship between the abdominal distension of a horse
and the outcome of the treatment.

One difficulty when displaying categorical variables using
parallel coordinates is that the lines conceal each other, mak-
ing it hard to get an understanding of the category frequen-
cies. As a veterinarian Cate finds it important to know how
many of the horses survived, which is hard to tell from the
parallel coordinates. Due to this Cate reorders the rows
in the table lens, using an ordering according to outcome
instead of abdominal distension. Figure 9 displays the re-

Figure 9: The table lens sorted according to outcome.
With this ordering the category frequencies are eas-
ily perceived. More than half of the horses survived
(green category), of the ones that did not survive
less than half was euthanized (blue category), while
the remaining died during the treatment (red cate-
gory).

ordered table lens, where the frequency of a category can be
told from the height of the group of rows that represent a
category. In the figure the top category, representing horses
that survived, is higher than the other categories, and hence
most horses survived. From the other two categories it can
be seen that, of the horses that did not survive, the majority
were not euthanized (represented by blue).

In the scatter matrix (figure 10) Cate notices the group
of purple cells in the bottom left part of the matrix. These
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Figure 10: The scatter matrix of the quantified horse
colic data set. In the bottom left part of the matrix
a group of cells are coloured purple, due to high
correlation between the variable pairs. The variable
pairs including the outcome variable are highlighted
in blue. The cells pointed out with a yellow rectangle
are variables that have a correlation between 0.30
and 0.36 with the outcome.

cells represent a group of variables where all variable pairs
are highly correlated. The variables are temperature of ex-
tremities, peripheral pulse, mucous membrane colour, pain,
peristalsis and abdominal distension. The correlation indi-
cates that all of these symptoms are related to each other.
From the scatter matrix cells representing the outcome vari-
able, which are highlighted in blue in the figure, it can be
seen that the group of highly related variables are also cor-
related with the outcome variable, with correlation values
ranging from 0.30 to 0.36, as pointed out by the yellow rect-
angle. This indicates that there is also a relationship be-
tween the previously mentioned symptoms and the outcome
of the treatment, although not as strong as the relationship
between the symptom variables.

The indicated relationships within the highly correlated
group of variables agree with Cate’s experience and domain
knowledge, and she decides to continue her analysis to iden-
tify if there are any major groups of horses with similar
symptoms and similar outcome. For this she decides to
colour the data items using the clustering approach described
in section 4. K-means clustering is applied to the whole
quantified data set and the visual representations are coloured
accordingly. The result, displayed using parallel coordinates,
is shown in figure 11. From this it can be seen that two clus-
ters exist, coloured red and purple, where the purple cluster
mainly includes horses that survived whereas the red clus-
ter mainly includes horses that were euthanized or died. By
looking at the distribution of colours for the variables Cate
is able to identify some interesting relationships that can be
useful to her in her future practice and that verifies her pre-
vious experience. For instance she notices that most of the
horses that did not survive had pale pink, bright red, dark
cyanotic or bright cyanotic coloured mucous membrane, al-

most all of them had some abdominal distension and most
of them also had high values for packed cell volume.

Cate is satisfied with what she has found so far, and de-
cides to continue the analysis at some other time. She saves
the quantification results for future analysis, and will be able
to re-open the exploration environment using the same data
set and quantification at a later time.

6. CONCLUSIONS AND FUTURE WORK
This paper presents MiDAVisT, an application for quan-

tification of categorical data and exploration of data sets
including both categorical and numerical variables. The
quantification process used in MiDAVisT was introduced in
[16] and enables a quantification based on the relationships
within all variables of a mixed data set as well as utilising
the knowledge of a domain expert.

MiDAVisT extends the analysis possibilities enabled by
the quantification process by providing a multiple view en-
vironment for visual exploration and analysis of categorical
and mixed data sets, using general and commonly used visual
representations and analysis methods developed for numer-
ical data sets. The main benefit of MiDAVisT is its ability
to merge the quantification process into an interactive envi-
ronment that enables versatile exploration.

The effectiveness of MiDAVisT is presented through a case
scenario, where the quantification process as well as the fea-
tures of the visual exploration environment are used to anal-
yse symptoms and outcome of horses that were treated for
colic. The scenario demonstrates how the quantification pro-
cess can be used to identify symptoms that are closely related
to each other, and how a mixed data set can be successfully
explored by combining quantification and analysis methods
traditionally used for purely numerical data, and how rela-
tionships between categorical and numerical variables can be
identified through this.

Future work includes an evaluation of the efficiency and
usefulness of the quantification process and the application
together with domain experts and potential end-users. Fur-
thermore additional analysis methods will be included in the
exploration environment to further facilitate exploration and
detection of patterns and relationships.
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