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The following paper describes a framework for the visualization and analysis of economic data. It can
be employed in the context of risk analysis, stock prediction and other tasks being important in the con-
text of banking. The system bases on a quantification of the similarity of related objects, which governs
the parameters of a mass-spring system, organized as two concentric spheres. More specifically, we in-
itialize all information units onto the surface of the inner sphere and attach them with springs to the outer
sphere. Since the spring stiffnesses correspond to the computed similarity measures, the system converg-
es into an energy minimum, which reveals multidimensional relations and adjacencies in terms of spatial
neighborhoods. In order to sim-plify complex setups we propose an additional clustering algorithm for
postprocessing. Furthermore, depend-ing on the application scenario we support different topologic ar-
rangements of related objects. In addition, we implemented various interaction techniques allowing se-
mantic analysis of the underlying data sets. The versa-tility of our approach is illustrated by two
examples, namely a comparison of agricultural productivity and an analysis of the relation between in-
terest rates and other economic data.

Zurich¨
Technische Hochschule
Eidgenossische¨

Swiss Federal Institute of Technology Zurich
Politecnico federale di Zurigo
Ecole polytechnique federale de Zurich´ ´



1

ABSTRACT

The following paper describes a framework for the visualization and analysis of economic data. It can be
employed in the context of risk analysis, stock prediction and other tasks being important in the context of
banking. The system bases on a quantification of the similarity of related objects, which governs the parameters
of a mass-spring system, organized as two concentric spheres. More specifically, we initialize all information
units onto the surface of the inner sphere and attach them with springs to the outer sphere. Since the spring stiff-
nesses correspond to the computed similarity measures, the system converges into an energy minimum, which
reveals multidimensional relations and adjacencies in terms of spatial neighborhoods. In order to simplify com-
plex setups we propose an additional clustering algorithm for postprocessing. Furthermore, depending on the
application scenario we support different topologic arrangements of related objects. In addition, we imple-
mented various interaction techniques allowing semantic analysis of the underlying data sets. The versatility of
our approach is illustrated by two examples, namely a comparison of agricultural productivity and an analysis
of the relation between interest rates and other economic data.

1   INTRODUCTION

The visualization of complex, multidimensional, non-numeric information and of their relationships is an
emerging subfield of increasing importance in scientific visualization. Nowadays, global computer networks
and distributed data bases, such as the world wide web (WWW), provide platforms for new dimensions of
retrieval systems for information units. As a consequence, the scientific visualization and computer graphics
communities have been challenged to develop advanced tools for understanding, navigating and interactively
analyzing the associated information spaces. However, as opposed to most of the classical data sets in scientific
visualization, information spaces carry over entirely new qualities of problems. The most important ones can
be summarized as follows:

• Multidimensional relationships: information units are generally related to many other units. The result-
ing topological organization corresponds to a multidimensional graph. Thus, adjacencies cannot be
visualized straightforwardly and have to be mapped into subspaces. Here, we can carry over some
interesting methods being already used in graph layout.

• Measuring similarity: In contrast to many scientific data sets, information space is an abstract entity
and there is no specific reason to employ Euclidean metrics to project similarities into a 3 dimensional
subspace. Moreover, up to now there is no mathematical framework or paradigm, on how to map
scores and similarities provided by retrieval systems onto a model in a three-dimensional world.

• Clustering and hierarchies: The huge amount of information forces the use of a multiresolution setup.
Hence, appropriate methods for the clustering of objects and for interactive level of detail control are
needed.

Due to the importance of information visualization for many applications, various interesting approaches
can be found in literature and excellent surveys are available [21]. [5], [15] for instance, visualized text docu-
ments and clusters as galaxies and themescapes, whereas [4] proposed cone trees which specifically address
hierarchical organization. Another promising method is [13] or [17], who essentially used self-organizing
schemes and neural networks to arrange information objects of the WWW. In a more general understanding,
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multidimensional visualization problems have been stressed in [6] or [1]. Here, mathematical projection algo-
rithms were introduced to map data into subspaces, while preserving their most important features. Interest-
ingly, many current methods use physically based paradigms, such as [19] or [14], where information units are
taken as nodes of some generalized mass spring system revealing the structure of relations upon relaxation.
These types of multidimensional visualization methods have been studied extensively in graph theory, and effi-
cient algorithms had been introduced for fast graph relaxation, such as [12] and [13].

The work reported in our paper was inspired by the research summarized above. However, unlike existing
methods, our approach was mostly application driven, where the context was focussed on visualization prob-
lems arising in financial service providing. Therefore, we define a propriety mathematical framework for quan-
tifying relationships in information space. In addition, we propose a visualization paradigm that considers all
information units as initially located on the inner part of two concentric spheres and as attached with springs to
the outer one. The strengths of relations of different objects are correlated to the stiffnesses of springs between
them. After initialization, the system converges into an equilibrium stage by solving the underlying differential
equations using popular strategies [2], [16]. Thus, the energy minimum represents spatial adjacencies of objects
which are similar to each other in information space. Moreover, since the similarity matrix also encodes the
topology of the underlying graph, standard algorithms from graph theory can be employed to discover the indi-
rect links of objects and to find minimal paths between them. In order to simplify the geometric complexity of
large scale data sets, we propose an additional clustering by computing an ellipsoidal hull around individual
objects. The ellipsoid is parametrized by the principal components of the underlying cluster.
The organization of the paper is as follows: First we introduce the mathematical definition of similarity and
explain our metric. Section 3 discusses the paradigm of two concentric spheres and describes the strategies for
initial positioning and clustering of information units. In section 4 interactive analysis algorithms are eluci-
dated. Finally, we illustrate the performance of our method by two examples: a comparison of agricultural pro-
ductivity and an analysis of the relation between interest rates and other economic parameters.

2   MATHEMATICAL FOUNDATIONS

This section introduces the mathematical foundations required to understand the approach. First, our metric for
similarity in information space is elaborated, since it represents a major prerequisite for visualization. Further-
more, we briefly review the principles of the dynamics of mass spring and particle systems.

2.1   Measuring Similarity in Information Space

One of the very challenging problems of information visualization is the definition of a mathematical frame-
work for the quantification of similarity of entities in information space. We decided to found our framework
on vector spaces, but it also supports probabilistic, Boolean and Euclidean approaches for information retrieval.
Specifically, we assume the metric as being computed in a preprocessing step, and providing the input parame-
ters of a physically-based system. 

Recalling some foundations of data base research we formalize the information retrieval process as follows:
Let A={A1, .., Ak} be a set of attributes (key words) and let‘s consider n objects O={O1, .., On}, where each
object Oi is assigned to a score vector si of dimension k. The component sil represents the relative importance of
document Oi with respect to key word Al and is assumed to be bounded by [0, 1]. 

We now define the so-called similarity cij of two objects Oi and Oj by the dot product of the associated
scores normalized with respect to the dimension k:

(1)

The resulting elements  form a symmetric, positive definite  similarity matrix C:

cij cji

si sj•
k

-------------
1
k
--- silsjl

l 1=

k

∑ i j, 1…n== = =

0 cij 1≤ ≤ n n×
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(2)

where .

The self-similarity cii of an object Oi is provided by the normalized length of the score vector

(3)

Note, that C also reflects whether or not two objects are related. Hence, it can be considered as some sort of
generalization of the so-called adjacency matrix, well-known from graph theory [8]. The similarity defined by
(2) can be interpreted as the projection of one score vector onto another, that is, the resulting measure becomes

• 1, if two score vectors are equal

• [1-ε, 1], if the score vectors point into similar directions, i.e. two objects match similar key words and
are closely related

• [0, ε], if they are perpendicular to each other and the objects match different keys.

ε: small positive constant

Needless to say that the quality of the selected key words and retrieval algorithms is crucial for the quality
of our similarity matrix.

The matrix from above quantifies the strengths of relations of information units in an abstract space. At this
point in time, we have to analyze the associated topology by which adjacent objects and their relations are
described. We end up in a network type model or graph, such as illustrated in Figure 1a, which is obviously one
of the fundamental topologies for visualizing related information units.

However, if we target at visualizing how particular objects match a predefined string of key words, the
upper model is apparently not well shaped. Moreover, a new optimal object On+1 has to be added, whose scores
are all set to: s(n+1),l = 1, l = 1,..,k. The similarity matrix is constructed by computing the dot products between
all objects and the one newly inserted On+1. That is, we relate all objects to a theoretically optimal score vector.
The structure of the associated (n+1)x(n+1) matrix reveals only elements on the diagonal and in the last col-
umn and row, respectively.

(4)

 and .

Based on the metric defined by (2) the resulting elements compute to

(5)

As a consequence, the underlying topology has changed and converts into a star type arrangement, such as
depicted in Figure 1b. The central object is supposed to be the theoretical optimum and taken as a fix point. It is
clear that a combination of both network type and star type topology is accomplished straightforwardly. For-
mally, we can also construct a third arrangement like the one of Figure 1c. It enables us to visualize both rela-
tions of objects between each other and with respect to a predefined score. A detailed elaboration of the
associated visualization paradigm will be given in the next section. 

C
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2.2   Mass-Spring Systems

Mass-spring systems are linear finite elements and have been used widely and successfully in computer graph-
ics [2], since the underlying physics is based on linear differential equations and is straightforward to imple-
ment. The principal equation that governs the attractive force Fij between two attached masses mi and mj at
spatial locations ri and rj and velocities vi and vj is given by

(6)

where cij stands for the spring stiffness, l0 represents a bias length and f is the friction. 
Applying Newton’s law converts (6) into a second order linear differential equation. Note, however, that a

straightforward discretization and integration results in algorithms of quadratic complexity. Therefore, it is rec-
ommended to invoke more sophisticated techniques, such as the ones proposed in [15] or [13].

3   ARRANGING INFORMATION ON A SPHERE

In the following section we describe the visualization paradigm which combines the metric introduced earlier
with the physically based mass-spring approach. More precisely, we assign the computed similarities to the
individual stiffnesses of springs linking information units to each other. Hence, we end up with an intermediate
mapping of similarities onto parameters of a physically-based system. This approach has already proved to
promise good results [19], [14] and [15]. In this context we address two major novelties of our framework:
topology and arrangement of objects at initialization.

3.1   The Paradigms

Given a set of documents O1,..,On the visualization method employs two concentric spheres for the initial posi-
tioning of information units as illustrated in Figure 2a. The objects are placed on the surface of the inner sphere
and are attached with springs to the virtual outer sphere and to each other. The major advantage of this arrange-
ment is the degree of symmetry inherent to the geometry of a sphere of radius R. Consequently, the model han-
dles our three fundamental topologies from Figure 1.

Figure 1: Different type of visualization models for multidimensional relations in information space: a) Network
b) Star c) Combined Setting 

Figure 2: a) Initialization of information objects on a virtual sphere b) Poisson disc sampling for initial positioning

b) c)a)
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3.2   Initialization Procedures

Positioning of Objects

First, for a given set of n objects, the initial positions on the spherical surface have to be found. A straightfor-
ward positioning could be at random. However, due to the problems arising with small numbers of objects, we
recommend a Poisson disc sampling procedure of the surface [9]. As depicted in Figure 2b each object is
assigned to a solid angle element and the distance of two objects must not exceed a distance threshold dmin,
computed by the following relation:

(7)

The influence of the factor fd on the uniformity of the distribution of the initial positions is illustrated in Fig-
ure 3.

We have to be aware that our model corresponds to a multidimensional graph visualization problem [12] and is
prone to all problems associated with subspace procedures [1]. Consequently, in order to prevent the system
from convergence to a local minimum, tightly related objects should be positioned as close as possible to each
other upon initialization. It is clear, that we won‘t succeed in the general case, but the traversal strategy
reported below avoids most initial ill-conditioning. 

We start with an initial weighting of all objects, where the weight wi is defined by the sum of all adjacent
similarities.

(8)

ui: number of objects adjacent to Oi

This weighting emphasizes the importance of units with strong relations. From there, a list O={O1,..,On} of
all objects is built which is sorted with respect to the weights wi. The assignment of information objects to the
computed surface positions is figured out by a breadth-first strategy. The algorithm starts from the most impor-
tant object and assigns first positions to all directly linked objects. These positions are ranked according to their
distance from the initial one in 3D space. From there, the procedure traverses the list recursively until all
objects are assigned. A pseudocode fragment for the method is given by:

O={O1,..,On} // initial object list //
P={P1,..,Pn} // initial positions //
T={} // list of sublists //
while (O not empty) do

fetch object Oi from O | wi = wmax
assign random position Pk to Oi: Oi ->Pk
remove Pk from P
generate list Li of all directly

Figure 3: Poisson disc distribution for: a) fd = 1.0, b) fd = 0.3

dmin 2Rfd

αmin

2
----------- 

  4R 1
fd

n
----–4 1 1
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n
----–– 

 =sin=

a) b)

wi cij
j 1=
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∑=



6

linked objects  sorted with respect to cil
keep wi with Li
add Li into T
while (T not empty) do

fetch sublist Lm from T | wm = wmax
remove all  from O
while (Lm not empty) do

fetch next object Oj from Lm
assign free position Pk to Oj |
dist (Pk,Pm) = min: Oj -> Pk
remove Pk from P
generate list Li of all directly
linked objects  sorted with
respect to clj
keep wj with Lj
add Lj into T

od
od

od

It should be stated, that a depth-first traversal had been implemented as well but experimental results per-
form similarly.

Spring Stiffness Assignment

Another important aspect is the computation of the stiffnesses of the anchor springs attaching the objects to the
outer sphere. It is clear that we have to take into account the individual connectivity of a single information
unit. In order to understand the computation, one should be aware that the anchor spring influences the degree
to which closely related objects converge to each other during energy minimization. Therefore, we propose the
following method, where, for convenience, all relations hold for t = 0:

Let l0 be the initial length of the anchor spring i and let be its attractive force. The resulting force

 is computed from all springs linking object Oj = mj to others according to the adjacency matrix.

This is shown in Figure 4a.

The computation of the anchor spring stiffness is figured out by projecting -Fi
h onto the vector l0, which

defines the direction of the anchor spring. Introducing an additional factor fc, we set

(9)

Figure 4: a) Spatial arrangement of the resulting force vector for initial spring stiffness computation b) Clustering of
information units for different cluster-factors (energy minimum): fc = 0.9 c) fc = 0.2
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and obtain the relation for the required anchor spring stiffness ci:

(10)

In order to compute Fh
i all springs are supposed to have a uniform stiffness given by averaging:

(11)

Experiments have shown that this approach is superior to the immediate usage of the individual spring stiff-
nesses, since it balances differences of individual spring lengths. Note, that the same relations hold for the star
type topology.

The factor fc can be considered as a clustering factor, which takes immediate influence on the degree to
which related objects converge to each other during simulation. Figure 4b and Figure 4c depict results of an
experimental setup for different values of fc.

4   EXPLORATION OF INFORMATION SPACE

Further important issues to be addressed concern the graph topology of related documents in information space.
This formalism enables us to carry over some of the fundamental algorithms [8] to support interactive analysis
and clustering, where in addition a PCA based clustering mechanism allows to simplify the structure of com-
plex subregions. Minimal path procedures allow discovery and quantification of indirect links between objects. 

4.1   Discovering Relations using Minimal Paths

For some applications it is useful to explore indirect relationships rather than immediate ones. This holds also
for probabilistic settings where the links and adjacencies are marked by probabilities p<1 . In order to provide
tools for interactive exploration we take advantage of the graph structure of the visualization problem. Here,
the indirect links which optimize a specific cost function are interesting for analysis. 

Let cij = pij be the probability that ranks the strength of two related objects Oi and Oj. Assuming statistical
independence, we compute the probability pacc of two objects OS and OE indirectly linked through a specific
path by:

(12)

Formally, paths from one node to another are derived from the transitive closure in graph theory, a Boolean
matrix, whose elements are either 1, if two nodes are connected or 0 if not. Since these types of algorithms
belong to the standard repertoire of computer science textbooks, we refer to those [10].

4.2   Clustering and Level-of-detail (LOD)

In order to simplify the geometry and topology of complex object arrangements it is necessary to provide an
efficient level-of-detail strategy. Initial work for information visualization is reported in [7] who accomplished
simple clustering by wrapping hyperspheres around groups of objects. The transparency of the hyperspheres
was controlled as a function of the distance to the viewer. Unlike this approach we propose a K-means and PCA
based clustering mechanism [20] which will be explained in the upcoming section.

The basic idea is to wrap ellipsoids around each cluster whose shape is controlled by the principal compo-
nents of the respective cluster. The method is designed as a two pass procedure, where in a first step all objects
in the scene are divided into a set K of disjoined subsets. The algorithm passes though all objects and assigns a
new cluster if the distance of the current object to all existing clusters exceeds a threshold delta. This variable
finally governs the granularity of the generated clusters. A pseudocode fragment is given below:

ci

fcl0 Fh–
i( )•

l0
2

------------------------------=

ca
1
ui
---- cj

j 1=

ui

∑=

pacc pij
i j, path S E,( )∈
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O={O1,..,On} // initial object list; ri = position of Oi //
K={} // set of clusters; mj = centroid of cluster Kj //
while (O not empty) do

fetch object Oi from O | minima = delta
iterate over all clusters  do

if (|mj - ri| < minima) then
Kmin = Kj
minima = |mj - ri|

fi
od

if (minima < delta) then
add Oi into Kmin | update mmin

else
create new cluster Knew
add Oi into Knew | mnew = ri
add Knew into K

fi
od

end

The second pass comprises the parametrization of an affine map which transforms the initial 3D ellipsoidal
shape appropriately into the scene. For cluster Kj this transform is defined by a translation vector mj, a scaling
matrix Sj and a rotation matrix Rj. Let nj be the number of objects in cluster Kj we obtain the required transla-
tion vector immediately as the centroid of the cluster:

(13)

ri: object positions in cluster Kj

In addition, the 3x3 Covariance-matrix of the cluster is given by

(14)

By solving the Eigenproblem  we compute the 3 Eigenvalues σj1, σj2, σj3 and the associated

Eigenvectors uj1 ,uj2 ,uj3 which define the required transformation matrices, where

 , (15)

Note that the 3x3 Eigenproblem can be solved analytically.
Thus the transform is figured out by the following set of equations. We start from the implicit equation of

the unit sphere with surface vector xj:

| (16)
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and perform a subsequent affine mapping by

(17)

: surface vector of the ellipsoid

Due to the statistical properties of the principal components it is not guaranteed that all objects of a cluster are
enclosed by the ellipse. Thus we carry out additional postprocessing and grow the hull until all objects are
enclosed. 

5   EXAMPLES

The following section illustrates the performance and versatility of our approach by using two different exam-
ples: the visualization of agricultural productivity of selected countries and the visualization and analysis of
interest rates correlating with other important economic parameters. Note, however, that the 2D pictures of this

section do not reveal the full 3D arrangement computed by our method.*

5.1   Agricultural Productivity

A classical example for visualization and analysis of multidimensional relations is given by taking some items
from the world market. We employed figures from the yearly production of different agricultural products for
selected countries, some of which are listed in Table 1.

Figure 5: Illustration of the clustering method: a) Initialization, b) Model after relaxation and highlighted minimal path
between two objects, c) Disjoined clusters as transparent ellipsoids

*The reviewers might check out our homepage on http://www.inf.ethz.ch/department/IS/cg/html/research/info-
vis.html where we placed some of the geometries presented in the pictures of this section as VRML files. They
can be inspected using a VRML viewer.

Table 1: Productions of different countries in 1994 (subset)

 Product

Country

milk

[K-tons]

meat wheat rice potatoes

USA 69250 32091 63133 8547 19050

Canada 7750 2989 23180 0 0

China 5610 41424 102005 175608 36160

India 32112 4117 57802 117600 16318

Brazil 15774 8082 2127 11166 0

France 24900 6179 29944 0 4903

Germany 28200 5772 16100 0 12260

Switzerl. 3300 448 0 0 800

............... ................ ................ ............... ................ ................

Total 460058 193809 534301 531341 283306

xj
e mj Rj Sj xj

0⋅ ⋅+=

xj
e

a) b) c)
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Set of products A = {butter, milk, meet, wheat, rice, soja, potatoes, sugar, bananas, cacao, coffee, tea}.

Set of countries O = {USA, Canada, China, India, Pakistan, Vietnam, Sri Lanca, Russia, Romania, Bra-
zil, Argentina, Cuba, Columbia, Costa Rica, Peru, Ecuador, France, Netherlands,
Italy, Austria, Germany, Switzerland, Australia, Japan}.

A can be considered as the set of key-words and O as the set of information units. The figures of Table 1
were taken as a basis to construct a similarity matrix C according to the metric of section 2.

Figure 6 shows the results of the network type model approach by contrasting the initial setup to the energy
minimum of the particle model. All objects are textured according to the legend of Figure 7, the USA and Swit-
zerland are presented by their flags. Line color and thickness reflect the strength of the connection. We observe
that most objects are arranged around the USA which forms a cluster center due to its high productivity. Con-
versely, Switzerland, as a small country moved apart. Furthermore, the results of the clustering algorithm are
presented, where the clusters are visualized as transparent hulls whose opacity is controlled by the distance to
the camera position.

Further interactive analysis is depicted in Figure 7 where all objects with a direct link to the USA are pre-
sented. Those countries also lay within a particular radius. Changing this threshold reveals gradually those
countries competing immediately to the USA on the world market. The strengths of the competition is approx-
imated by the elements cij of C, also indicated in the figure.

5.2 Long Term Interest Rates

In the second example we contrast our method with a traditional way of analyzing multidimensional relation-
ships of economic indicators. The goal is to evaluate the influence of the indicators presented in the diagrams of
Figure 8a on the long term interest rates of individual countries. Each of these indicators was computed relative
to the USA as a reference. The state of the art approach, as depicted in Figure 8b, consists of producing bar

Figure 6: Visualization of agricultural productivity: a) Initialization, b) Energy minimum, c) Clustered energy mini-
mum (Parameters: R = 600, l0 = 100, fc = 0.02)

Figure 7: Discovering competitors of the United States on the world market

a) b) c)
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charts showing the correlation with individual indicators for different countries. These charts form a basis for
further interpretation performed by the financial analyst. In order to map the problem onto our visualization
paradigm we start from a special instance of the network type model. By imposing displacement constraints we
first generate a subset of objects which keep their position during relaxation. For visualization, we map our
indicators on these object types. Conversely, we drop the anchor stiffnesses of all other objects to zero, that is
we cut off their anchors. These freely movable objects represent the countries and are connected via links to all
rigid objects from above. The spring stiffness of a link conforms to the correlation of the associated indicator to
the long term interest rates of this country. Note that the movable objects are not interconnected. 

Figure 9 displays two views on the relaxed model. The cubes at the vertices of the tetrahedral structure stand
for the different indicators taken into account and the spheres representing the countries are textured with their
flags. Although the definition of individual indicators is beyond the scope of this paper we observe that the
interest rates of Canada correlate tightly with the index DRX, whereas Switzerland relates more closely to GAP
and CPI. Conversely, Germany is located near the center of gravity of the plane spanned by DRX, BIPC and
GAP and is hence equally influenced by those.

Conclusions and Future Work

We presented a new variant for physically-based information visualization and illustrated its versatility. The
fundamental idea is to arrange all information units on the inner part of two concentric spheres and to attach
them with springs to each other. Relaxation of the model figures out the structural relations in information
space. Specifically, we are convinced that the physically-based approach fits nicely advanced I/O concepts with
force and tactile feedback. Future research has to encompass a generalization of the physically-based approach
including timeseries, limited lifetime of particles and advanced clustering algorithms using isosurfaces.

Figure 8: Condensing multivariante relationships: a) Stack of conventional diagrams b) Correlation tables
c) Physically-based visualization paradigm

Figure 9: Two views showing the influence of individual economic indicators onto the long term interest rates of dif-
ferent countries

a) b) c)

a) b)
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