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Abstract. Visualization is increasing its role in the search for meaning in com-
plex data. Two important issues are: a) choice of visualization method; b) com-
prehension of resultant visualizations.
This paper proposes a new concept, signature exploration, which is defined as
the exploration of the behaviour of a visualization algorithm by means of the use
of specially constructed data sets. Five types of constructed data are suggested;
generic, constructed, query, landmark and feedback.
Two examples of signature exploration are described - a feasibility test and a
feedback application. The feasibility test results indicate the value of the concept
and the desire of users for an interactive interface for the entry and exploration
of datasets containing specified features. The feedback application involves user
placement of a subset of entities, which enables comparison with the various
placements for different algorithms, as well as arrangement of other entities not
in the original subset.

1 Introduction

Many people recognize the increasing importance of visualization in examining the
mass of data that surrounds us - identifying the value of existing visualization tech-
niques, as well as the need to explore the new possibilities offered by technological
advances to extend the role and range of types of visualization. Researchers in the field
of cognition and perception urge us to take advantage of the substantial work completed
in this area [18], while others point to the difficulty of applying this work [7].

In looking at information visualization from a data mining perspective, a complex
data set must be transformed to a level at which it can be displayed, as constrained by
the medium. A general loss of comprehensibility usually results. A 276 dimensional
matrix of data for 100 entities can be reduced to a neat scatterplot (see figure 5), but can
sense be made of the resulting patterns?

Thus we consider the loss of meaning associated with visualization transformations
of complex data. The ideas presented here have developed out of initial visualizations
of data involving dimension reduction using the tool Space Explorer [13,15,14] and in
the context of ongoing work to address the problem of visualizing complex data. Space
Explorer is a visualization application for multivariate and proximity data. In an initial
investigation it was shown how one data set can be displayed in a number of different



ways, producing different clusters and outliers (see again figure 5). This is a well known
problem, but one for which general solutions are not evident.

Intuitively the user wants initially to construct sets of data (rather than starting with
a large unknown one) and see what the visualization algorithm does with these test sets.
We take a data set that we feel we know and see what it looks like in the visualization.
We think this will help us in two ways, firstly to get a concrete feel for how the algorithm
or tool behaves, secondly to better understand the result obtained with a large unknown
data set. It may be possible to see what algorithm best suits the particular data and the
type of questions we seek to answer about it. At the same time, as the user wants to
intuitively learn and understand the algorithm of the application, the application should
be able to learn the user’s intuition of the data.

From such ideas and experience we propose the use of constructed data sets as a
general design feature of visualization tools to aid comprehension and presentation of
complex data. We call this signature exploration (please see acknowledgement at the
end of the paper).

2 Introducing signature exploration

We define signature exploration as the exploration of the behaviour of a visualiza-
tion algorithm by means of the visualization of specially constructed data sets. In this
way known data sets are visualized for the user as concrete examples of the behaviour
of the algorithm. The visualization result, the pattern produced, is the signature of the
algorithm for that data. Different algorithms will produce their own corresponding sig-
natures for the data set. The data set may be one of a set of standard types provided, or
any set constructed by the user. Thus the signature of the algorithm is explored for sets
of known data. By known is meant that the user has a sense of knowing the data, in a
concrete but not necessarily precisely defined way. By visualization algorithm is meant
any application, tool or algorithm that produces a visual representation of data.

The purpose of signature exploration may be solely to understand the behaviour of
a visualization algorithm, or the comparison of different algorithms so as to make an
appropriate selection or classification. The modification of the original dataset, or the
visualization algorithm, by providing feedback data (see item 5 below) is also consid-
ered to be a means of exploring the signature of the algorithm.

As an initial suggestion we outline five types of constructed data for exploration.

1. Generic: characteristic sets of data that illustrate the various behaviours of metrics
and visualizations.
The idea of generic data sets is to provide the user with a range of data sets showing
specific features, so that they can form a more concrete impression of the behaviour
of the algorithm and to assist in the comparison of behaviours of different algo-
rithms. The extent to which generic data sets can be identified, that are illustrative
in this respect, is unclear at this stage of our work. The usefulness of the data sets
is considered on two levels. On a familiarization level the provision of example
sets containing, for instance, identical entities or data sets containing no structure



(random values), together with a variety of examples of phase shift 1 and scaling
of shapes across variables is suggested. Such basic presentations of data are useful
because, in our experience it is not always immediately obvious how they will be
displayed - due to dimension reduction or unfamiliar presentation (eg hierarchical
axes, parallel axes), but they also serve to focus the user upon developing their un-
derstanding of the behaviour of the algorithm(s). The other level of usefulness is the
more challenging question of which algorithms map specific features (phase shifted
patterns, for instance) to clusters. It is not clear whether progress may be made on
this issue, but the provision of a data construction and manipulation interface within
the visualization application will assist.
That the visualization application designer seek appropriate data sets, to illustrate
the behaviour of the algorithms they employ, and make these available to the user
in an interactive interface, may prove to be a desirable design requirement for visu-
alization systems.
Some initial examples of generic type data sets are as follows:-

– Data is of two or more groups of identical entities (identical in the sense that
their data table entries are identical).

– Data is of two approximately equal sized groups. The first group contains iden-
tical entities; the second group varies one variable in equal steps away from the
value in the first.

– As in previous set, but with the variation of a different variable for each member
of the second group

– Data contains entities with variables as follows: overall ’shape’ the same, mag-
nitude altered; shape not the same, magnitudes as before; increase number of
shapes and grups.

– Use of mathematical functions to specify data.
2. Constructed: static and simulated. By static is meant the direct specification of a

matrix, simulated refers to a matrix derived from a log of events of a set of entities
with specified behaviours.
This type of data is constructed by the user. Static constructions are matrices spec-
ified by the user which can then be visualized. The variable values for each entity
may be entered individually or according to a formula, or representing a scaling or
phase shifting of values of another entity. They are static in the sense that they are
an instance of creation by the user, as opposed to simulated constructions which
are the result of data produced by a simulation of entity behaviours. Perhaps the
user looks at their own real-world data set of interest and hypothesizes about the
entity behaviours that would produce such data. On a complex level this would re-
sult in system simulations and possible prediction models. In simpler terms it is an
invitation to the user to think about the data in a different way and derive questions
and hypotheses which can then be examined. It thus extends the question - ’if my
data looked like this what would the visualization look like?’ to ’if my data was
produced by these behaviours what would the visualization look like?’.
Preliminary work has indicated the usefulness of taking supplied, generic type, data
sets as a starting point and then giving provision for interactively changing shapes

1 If variables are considered to be a time series, irrespective of whether they actually are, then a
displacement of a pattern can be described as a phase shift



or values. Thus the starting point for the constructed data type may be a generic
data set.

3. Query (based on a data set under consideration): a subset of the data, which may
be directly selected by the user (either from the visualization itself, or by querying
the original dataset) or automatically derived (eg outliers, extremities).
A cluster in a visualization of a user data set may be highlighted, or an outlier, or
the extremities of a pattern and this form the constructed data for manipulation.
Alternatively the data set may be queried in an SQL type query to create a subset.
Some of these techniques are well known and widely used. Here the purpose is
to explore the behaviour of the visualization algorithm. Although ultimately the
discovery of knowledge in the data remains the goal, it is indirectly so.

4. Landmark: one or more entries, which may be the result of queries or static con-
structions, to add to (or highlight within) the data set under consideration.
Landmark and query overlap as concepts. In the landmark use of constructed data,
entities are placed to provide landmarks in the user’s mind as well as in the vi-
sualization. The entities may be invented, static constructions, or identified by a
query.

5. Feedback: the user arranges a set of entity-representatives (or clusters of entities)
on the screen for which data is also provided. The system uses the user layout
information for the display of subsequent data by, for example, weighting the given
attributes or selecting the algorithm that provides the closest layout to the user
defined one.
Concepts of similarity may be very subjective, as is clear in the case of compari-
son of image and video data. However, to some extent many comparisons have a
subjective aspect, if only from the point of view of the user’s particular enquiry or
perspective. The user may also be unable to articulate, or even be aware of, relevant
domain knowledge that they have. The feedback idea comes from a reversal of the
process known-data-to-visualization. The user is asked to position a number of en-
tities on the screen such that the distances between them represent their similarity
(or measure of connectedness) according to the user’s perception. It is assumed that
there is multivariate data also available for these entities, so that the system can de-
rive a layout that provides a mapping between the two (which may necessarily be
approximate) and thus provide a means of displaying unknown data according to
the user’s classification. This is considered to be signature exploration by signature
modification, although the simplest application would select the algorithm which
gave the layout closest to that specified by the user.

3 Algorithm description

Space Explorer [13,15,14] implements a number of algorithms for visualizing multi-
variate and proximity data. Proximity data specifies a distance between entities which
may be a direct measurement or derived from the multivariate data. Figure 1 shows
some of the ways in which multivariate data can be converted into distance data. Coor-
dinates for a scatterplot are derived such that distances between objects reflect their
relationship. To this end, there are two techniques used here: Principal Component



Analysis, which is applicable to multivariate data, and multidimensional scaling (see
e.g. [5,3,8,9,19]), which is applicable to similarity data.

1. Let x;y 2 R n be vectors. Then (x;y) =
n
∑

i=1
xiyi is called scalar product and jjxjj =

r
n
∑

i=1
x2

i

Euclidean norm.
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(x;y)
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i=1 jxi � yij

λ)
1
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5. Chebychev distance: dcheb(x;y) = max1�i�nfjxi � yijg

Fig. 1. Different distance definitions for vectors.

The choice of an appropriate distance is the most crucial step in the visualization
process, and can affect drastically the quality of the result. Figure 2 illustrates this with
two simple examples.
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C
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C

Fig. 2. The choice of distance influences data analysis. On the left are three vectors A;B;C and on
the right three time series A;B;C. In both cases, B is close (far) to C (A) for Euclidean distance,
but B is close (far) to A (C) for angular distance.

3.1 Principal component analysis

A multivariate table with m columns can be seen as a mapping of objects into an m-
dimensional space. Graphical representations, e.g scatter plots, are however restricted to
1, 2, or 3 spatial dimensions and up to 8 dimensions (colour, shape, orientation, surface
texture, motion coding and blink coding) overall [18]. The problem is thus to reduce
the multivariate table to the most representative dimensions. This is the purpose of
Principal Component Analysis (PCA), which transforms the m variables into m factors,
each factor being a linear combination of variables (see Figure 3). The m factors are
ordered by importance: the first factor explains as much as possible of the differences
among objects, the second factor as much as possible of what cannot be explained by
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Fig. 3. Principal component analysis.

the first factor, and so on. A simple two-dimensional example is shown in Figure 3.
The example can be generalized to m initial variables, where the 2 or 3 most important
factors are displayed in a 2D or 3D space.

3.2 Multidimensional scaling: from distances to coordinates

The idea of finding points in space which satisfy some given distances dates back to
the late 1960s [12], and is referred to as multidimensional scaling [5,3,8,9,19]. There
are various approaches to the problem of multidimensional scaling, the one used here
is Principal Co-ordinate Analysis.
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Fig. 4. Multi-dimensional scaling with principal co-ordinate analysis (PCoA).

Principal Co-ordinate Analysis In the principal co-ordinate analysis (PCoA) ap-
proach [6], a set of equations that relates distances to coordinates is solved. In this
case, distances are known and the coordinates are the variables to be determined. Fig-
ure 4 illustrates the construction of a solution for three points in a 2D space, according
to predefined distances. Intuitively, the positions can be constructed with a compass.
For placing the three nodes in Figure 4 we start by placing the first node randomly and
drawing a circle with radius d12 around it. Place node 2 anywhere on this circle. Then
obtain node 3 by drawing a circle with radius d 13 around node 1 and drawing a circle



Fig. 5. 90,000 calls made by 100 customers. Caller profiles by destination of calls. These are
screenshots of 3D VRML worlds. From top left to bottom right: (1) direct visualization by apply-
ing PCA, (2-4) indirect visualization by calculation of a distance followed by matrix transforma-
tion (PCoA); Distances in particular: (2) Euclidean, (3) angular distance, (4)Minkowski distance
with λ = 10 The customers represented as squares and labelled with a number can be traced
through the different visualization outcomes.

with radius d23 around node 2. Node 3 is placed at the intersection of circles d 13 and
d23. This method determines if there is a solution to the problem and constructs it. If we
abstract from this geometric construction, it turns out that we actually solve quadratic
equations. And instead of solving them iteratively, we can solve them simultaneously.
This gives us a possibly higher-dimensional solution, which we then reduce as we did
for PCA. The possibly n� 1 dimensional exact solution can then be reduced to an ap-
proximate 2D or 3D solution by selecting the first two or three axes, respectively.

4 The problem of algorithm choice

The identification of valid clusters in the data, for data simplification or prediction, is
the goal of classification (as defined by Gordon [5]). Since different algorithms produce
different clusterings, the question is how to make a valid choice, if one exists. An ex-
ample of the different clustering obtained for a set of data is shown in figure 5. This is a
set of British Telecom data of 90,000 calls made by 100 customers from one particular
area. The data set was cleansed, by BT, of all private information. Thus the originating
and destination exchange references were available, but not the complete originating
and destination phone numbers. These visualizations use the destination local exchange
reference in a data table, such that entry xi j is the number of calls made by customer i
to location j. Notice the clusters and outliers differ as do the pattern shapes [15].

5 Illustrations of Signature Exploration

Contemporary visualization systems contain many elements for assisting the user’s ex-
ploration of the data (general references: [17,2,1]. Special features such as brushing



and for context and focus control (eg the semantic lens, hyperbolic browsers) have been
developed. Querying of data with conventional database query language and dynamic
querying within the visualization itself (eg Attribute Explorer [16]) are much used.
Visual selection and reordering of that data are also employed, for example in the con-
text of a colour map (eg GenExplore [4]) or directly from a datatable. These features
promote the exploration of both the data and, intrinsically, the algorithm. Signature ex-
ploration focuses not on the data itself, but on the algorithm’s behaviour, not as an end
in itself, but as a process within and adjacent to that of exploring the dataset. The many
techniques available to assist exploration of the dataset, instanced above, fall within the
scope of this concept.

In beginning the work to assess the value of signature exploration, we have started
with the constructed data types generic and feedback, since these appear the least pro-
vided for in current visualization systems: a preliminary feasibility test was set up to
look at generic data; an initial example of user layout to provide feedback was devel-
oped to illustrate the concept. These are described below. It should be stressed that
these descriptions are included solely for illustrative purposes and are not intended to
represent a validation of the concepts.

5.1 Signature exploration feasibility test

Do our visualizations actually work? This question was asked at a recent conference
[11] and statistics from conference papers given that showed less than 10% had carried
out evaluation. Informal testing in the early stages was indicated to be beneficial and
our feasibility test 2 is of this nature. Twelve participants were briefed about the domain
of our work and then given a series of web pages to examine in combination with a pa-
per questionnaire. The test first illustrated the problem by displaying the second of the
visualizations of the call data set of figure 5, which also gave the user the opportunity
to familiarize themselves with navigating in 3D. They were asked to note any conclu-
sions they were able to draw at this stage from the pattern of the data. A series of 3D
visualizations of simple datasets followed (using the same algorithm - Euclidean dis-
tance calculation followed by layout with Principle Co-ordinate Analysis using Space
Explorer). The data tables were shown, together with the data shown as time series.
Figure 6 is an example web page from the test. Most of the questions were to guide the
exploration of the material. The key questions at the end were:

1. Do you think these explorations of constructed data sets have increased your under-
standing of the behaviour of the visualization algorithm? Results: Yes (5) No (3)
Not sure/not much (4)

2. Do you think that an interface which allowed you to construct your own data, either
from scratch or to modify given ones, would be useful? Results: Yes (10) No (2)

Although this was an informal test, it indicated that users would like an interface
that allowed them to enter and explore their own example data sets or use the ones

2 The web pages and questionnaire are online at www.soi.city.ac.uk/homes/dk707/webTest/main.html
and Instructions and questionnaire2.doc



supplied as starting points for manipulation. Also that an interactive exploration of the
way data values affect the visualization could enhance the user’s understanding of the
algorithms used and assist in the appropriate choice of metric if relevant.

Fig. 6. An example webpage from the website feasibility test

6 Feedback

The initial inspiration for signature exploration, and for the particular aspect of modifi-
cation of the algorithm by user classification, came from work on dynamic querying of
image libraries (eg [10]). Starting from a particular image, users query the library for
similar images. Since the selection and weighting of feature lists for images is such a
complex and subjective task, the user is also invited to choose a selection of images and
give these to the application to arrange in terms of similarity and provide insight into
the behaviour of the algorithm (an example of our signature exploration). However, it
would be useful to start from the user layout of entities (images in this case) and modify
the algorithm to reflect the user’s concept of similarity. Hence signature modification
using feedback data.

In this example, the user positions four objects (on the basis of perceived similar-
ity). Each object also possesses a set of attributes and, by solving the linear equations
(attribute set / x,y co-ordinate set), a mapping from the attribute values to the x,y co-
ordinates is obtained. Members from a larger group from which the four objects are
drawn can now be positioned to reflect the user’s similarity measure. The layout can
also be compared to those obtained by a variety of algorithms, so that the one that is the
least different can be chosen.

6.1 Algorithm

Given multivariate data X 2 R n;m;n > m, where n is the number of entities and m the
number of attributes and a subset X 0 2 R m;m of m < n rows of X . Furthermore let us



assume that the user specified coordinates for the selected m entities, i.e. Y 2 R m;2

is given. Then solve the linear equation X 0jY , i.e. convert X 0jY to IjY 0, where I is the
identity matrix and Y 0 2R m;2. Then compute C= XY 0 2R n;2, which contains the x and
y-coordinates for the n entities in its columns.

6.2 Example

X=

A 1 0 0 0
B 0 1 0 0
C 2 1 1 0
D 1 -1 2 1
E 1 1 1 1
F 0 0 0 1
G 2 0 0 1
H 2 0 1 2

EA

B

C

D

F

G

H

Fig. 7. Multivariate data for eight entities.

Consider the following example: There are eight entities A�H and multivariate
data X 2 R 8;4 shown in Figure 7.

The user knows about the four entities A�D and draws a layout of them as shown
in Figure 8.1. According to the above algorithm we have X 0jY

A 1 0 0 0 0 3
B 0 1 0 0 0 2
C 2 1 1 0 2 0
D 1 -1 2 1 4 2

Deducing the third and fourth rows from the first and second we get IjY 0 as

A 1 0 0 0 0 3
B 0 1 0 0 0 2
C 0 0 1 0 2 -8
D 0 0 0 1 0 17

Computing the final coordinates XY 0, which are generalised from the subset A�D
and applied to all entities A�H, the layout is as shown in 8.2. Compare these user
defined and generalised distances to the methods mentioned earlier. Considering only
the entities A�D, which the user knows about, it is striking that they place A and C
far away from each other (Fig. 8.1), whereas all others put them closer to each other, in
particular correlation (Fig 8.6). Now consider the entities the user did not know about.
The generalisation of the user distances places e.g. F close to A, B, which is done by
the Minkowski distance, but not at all by correlation.
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Fig. 8. 1. Four entities placed by a user. 2. Generalisation of these placements and application to
all entities. 3-8. Scatterplot of the eight entities using PCA and PCoA with Chebychev, City or
Manhattan (Minkowski with λ = 1), angular, Euclidean and Minkowski (λ = 10) distance.

7 Conclusions and future work

This paper has elaborated a concept, signature exploration, which reframes and extends
existing work to assist users of visualization systems in their search for meaning in data,
from the point of view of understanding visualizations as well as appropriate choice of
visualization algorithm or application. An initial five categories of constructed data with
which to explore are suggested. The results of an initial test of the concept and of one
particular application employing user positioned data are described.

Although the principle is conceived as a general one - that it should (if validated)
become a general visualization design requirement - the paper focuses on multivariate
and proximity data layout using a particular tool. A weakness of this work is that the
successful demonstration of the concept becomes linked with success in developing un-
derstanding of algorithms that involve, for instance, dimension reduction of complex
data - an area known to be challenging. Whilst it is desirable to create tools that assist
users in viewing complex data, it is important that we assess the concept of signature
exploration in a more general context, that is, with a range of visualization applica-
tions, so that it will not fail because we fail to fully explain cluster shapes in dimension
reduction scatter plots.

The initial test of the concept of signature exploration gave favourable results in
terms of increasing understanding of visualization algorithms and thus of resulting pat-
terns in the data. It strongly indicated the usefulness of developing an interface for enter-
ing data values and patterns of values to explore visualization algorithm behaviour, both



in the search for data sets that reveal an algorithm’s behaviour and as a direct means of
exploring the algorithm. The user specified layout example indicates the usefulness of
capturing the user’s domain knowledge for comparison and prediction and shows the
possibility of the application’s algorithm being modified accordingly.

It is intended that each of the constructed data types be explored in detail. Automatic
algorithm choice is desirable, but the appropriate algorithm choice is expected to follow
from the questions the user wants to answer of the dataset, at least in some cases, and
there still remains the comprehension of the visualization itself, so that it is likely that
an interface to a data construction engine of some kind would be valuable.

It is hoped that the framing of this scenario as signature exploration will focus en-
ergy upon these aspects of visualization system design - producing meaningful choice
and increased comprehension.
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