Information Visualization (2003) 2, 232–246
&

2003 Palgrave Macmillan Ltd. All rights reserved 1473-8716 $25.00
www.palgrave-journals.com/ivs

Coordinating computational and visual
approaches for interactive feature selection
and multivariate clustering
Diansheng Guo1
1

GeoVISTA Center & Department of Geography,
The Pennsylvania State University, University
Park, PA, U.S.A.
Correspondence:
Diansheng Guo, GeoVISTA Center &
Department of Geography, The
Pennsylvania State University, 302 Walker
Building, University Park, PA 16802, U.S.A.
Tel: +1 814 865 3433;
fax: +1 814 863 7943;
E-mail: dguo@psu.edu

Abstract
Unknown (and unexpected) multivariate patterns lurking in high-dimensional
datasets are often very hard to find. This paper describes a human-centered
exploration environment, which incorporates a coordinated suite of computational and visualization methods to explore high-dimensional data for
uncovering patterns in multivariate spaces. Specifically, it includes: (1) an
interactive feature selection method for identifying potentially interesting,
multidimensional subspaces from a high-dimensional data space, (2) an
interactive, hierarchical clustering method for searching multivariate clusters of
arbitrary shape, and (3) a suite of coordinated visualization and computational
components centered around the above two methods to facilitate a human-led
exploration. The implemented system is used to analyze a cancer dataset and
shows that it is efficient and effective for discovering unknown and unexpected
multivariate patterns from high-dimensional data.
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Owing to the increasing size of datasets and the increasing complexity of
problems to be addressed, datasets to be analyzed nowadays often have
many, for example, more than 50, dimensions (or variables) and sometime
are very large – often having more than 10,000 observations. Such datasets
are commonly compiled from multiple data sources, which might have
also been collected for varying purposes. By putting them together for
analysis, we are hoping to find unknown (and unexpected) complex
relationships or patterns that may involve multiple variables.
The high dimensionality of such datasets can cause serious problems for
almost all data analysis methods, especially for unsupervised, exploratory
approaches (including both automatic algorithms and interactive visualization techniques). The quality and relevance of variables can vary
dramatically. It is important for a data analysis approach employed to be
able to discriminate relevant dimensions from irrelevant dimensions and
include only the former in further analysis. Otherwise, irrelevant
dimensions may hide rather than help uncover relationships or patterns.
Most existing data analysis methods cannot discriminate relevant variables
from irrelevant ones and rely on the user (presumed to be an expert on the
application problem) to provide a meaningful set of variables for further
analysis. Moreover, relationships or patterns may exist in different
subspaces,1 that is, different relationships may involve different subsets of

Interactive feature selection and clustering

Diansheng Guo

233

the original dimensions and these subsets may or may
not overlap with each other.1 – 3
Depending on the user to choose variables according to
her/his expertise or hypothesis makes it impossible to
find unexpected patterns, while finding such unexpected
patterns is one of the main purposes of data mining and
knowledge discovery.4 Moreover, given the high dimensionality of currently available data and the huge set of
possible hypotheses, such a manual approach for feature
selection is at best inefficient and at worst humanly
impossible.
Feature selection methods have been studied in the
area of supervised classification.5 Recently, several
unsupervised feature selection methods have been developed to select an ‘optimal’ subset of dimensions,6,7 or
produce a pool of dimension subsets,8 for unsupervised
clustering. Since clusters may exist in different subspaces,
it can be ineffective or impossible to find a single
‘optimal’ subset of dimensions for identifying all clusters.9 To search clusters in different subspaces, several
subspace clustering methods have been developed.1 – 3,10
Nevertheless, it remains a challenging research
problem to effectively identify interesting subspaces from
a high-dimensional data space and then search patterns
in each of them. The difficulties in addressing this
problem are twofold. On one hand, confronting the large
number of dimensions and the consequent combinatory
explosion of possible subspaces, automatic computational methods must play an important role. On the
other hand, considering various forms that unknown
patterns may take and the interpretation and evaluation
of each discovered pattern, human expertise and interaction is indispensable and needed to guide the
computational procedure.
To achieve both efficiency and effectiveness for
exploring high-dimensional (and sometime large) datasets, research cannot focus on either computational
methods or visualization techniques in isolation.11
A powerful data mining strategy lies in tightly coupling
visualization techniques and analytical processes into a
unified framework.12 It is critical to coordinate computational methods and visualization techniques to integrate
the best of both human and machine capabilities.13
The research reported upon here develops a humancentered and component-oriented knowledge discovery
environment for exploring large and high-dimensional
data. The implemented prototype system includes a suite
of computational and visualization methods, each of
which focuses on a specific task or step in the overall data
exploration process and together they can communicate
with each other and collaboratively address complex
problems. Specifically, the research includes: (1) an
interactive feature selection method for identifying
interesting subspaces, (2) an interactive, hierarchical
clustering method for searching arbitrary-shaped multivariate clusters, and (3) a suite of coordinated visualization and computational components centered around
the above two methods to facilitate an efficient and

effective human-led exploration of high-dimensional and
large data.
The remainder of the paper is organized as follows. The
next section gives a review of related research. The
section following the next presents the interactive feature
selection method developed. Later, the interactive,
hierarchical, multidimensional clustering method
employed are introduced. In the section penultimate, a
component-based implementation of the system is presented. Finally, the application of the developed methods
and system in analyzing a cancer dataset is presented.

Related work
A traditional way to address high dimensionality is to
apply a dimension reduction method to the dataset. Such
methods include principle component analysis (PCA)
and self-organizing maps (SOM),14 which transform the
original data space into a low-dimensional space. While
these techniques may succeed in reducing dimensionality, they fall short in exploring various subspace
patterns from high-dimensional data. PCA is not effective
in identifying relationships or patterns that reside in
different subspaces (see Procopiuc et al.2 for detailed
explanation). SOM uses measurements from all original
dimensions to derive the projection to a 2-D space and
therefore noisy or irrelevant dimensions have dramatic
impacts on the projection result.
Feature selection methods are traditionally used to
select a subset of dimensions for supervised classification
problems.5 Recently, several unsupervised feature selection methods have been developed to select either an
‘optimal’ subset of features for unsupervised clustering,6,7
or produce a pool of ‘good’ dimension subsets for
searching clusters.8 Each of these methods centers around
a specific clustering method, for example the expectation
maximization6 or the K-means.8 However, it can be
ineffective to rely on a specific clustering algorithm as a
means to evaluate candidate subsets of dimensions. For
example, K-means tends to discover equal-sized circular
clusters and therefore a feature selection method based
on a K-means method may be biased toward dimension
subsets that contain circular clusters.
To enhance the detection of multivariate patterns in
high-dimensional data, sorting variables has been an
important step for visualizing high-dimensional dataset.
The idea is to place correlated or similar dimensions close
to each other in the high-dimensional visual space to
help the human user perceive relationships among these
vaiables. To arrange dimensions for visualizing a correlation matrix, an ordering of variables based on bivariate
linear correlation values is developed in.15 To help detect
sequential patterns in high-dimensional visualization, a
similarity-based approach to sorting variables is
developed in.16
Clustering analysis organizes a set of objects into
groups (or clusters) such that objects in the same group
are similar to each other and different from those in other
groups.17,18 Clustering methods can be divided into two
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types: partitioning and hierarchical approaches. The partitioning approach aims to divide the dataset into several
clusters, which may not overlap with each other but
together cover the whole data space. Hierarchical clustering approaches decompose the dataset with a sequence of
nested partitions, from fine to coarse resolution. Hierarchical clustering can be presented with dendrograms,
which consist of layers of nodes, each representing a
cluster.19 In each group (i.e., partitioning or hierarchical),
the methods can be further classified into three subgroups: distance-based, model-based, and density-based.
See Jain et al.20 and Guo et al.21 for a detailed review on
clustering methods.
Density-based clustering methods have been developed
mainly for dealing with large datasets and identifying
arbitrary-shaped clusters. Such methods regard a cluster
as a dense region of data objects.1,19,22 Density-based
clustering can adopt either a grid-based or a neighborhood-based approach. A grid-based approach divides the
data space into a finite set of multidimensional grid cells,
calculates the density of each grid cell, and then groups
those neighboring dense cells into a cluster. Such
methods include Grid-Clustering,23 CLIQUE,1 OptiGrid,24 ENCLUS.3 For neighborhood-based approaches,
the neighborhood – either a hyper-sphere of radius e (as
in DBSCAN22 and OPTICS25) or a hyper-cube of side
length w (as in DOC2) – of an object has to contain at
least a minimum number of objects (MinPts) to form a
cluster around this object.
The integration of clustering methods and visualization tools has been explored by several researches. For
example, a visual data mining system is developed in26 to
combine a clustering algorithm with visualization methods for interactive clustering of data. Presented in27 is a
hierarchical clustering explorer that allows users to
control the processes and interact with the results based
on traditional dendrograms.

Interactive feature selection
A new feature selection approach is developed to
identify interesting subspaces (i.e., subsets of dimensions)
from a high-dimensional space that potentially contain
meaningful patterns. The developed feature selection
method examines all 2-D subspaces of the original
high-dimensional data space. The computational complexity of the method is O(d2nlogn), where d is the
total number of dimensions in the data and n is the
total number of observations (or instances). The method
first calculates a measure to evaluate the ‘goodness of
clustering’ in a 2-D data space. Then it uses a hierarchical clustering approach to derive a sorting of all dimensions and produces an enhanced visualization to show
relationships among dimensions. Interesting multidimensional subspaces consisting of more than two
dimensions can then be identified, interactively or
automatically. A detailed evaluation of this feature
selection method with synthetic datasets (which
contain controlled patterns) is presented in.28 Here an
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extended and sophisticated version of the method,
with various ancillary visualization features, is presented below.
In this paper, patterns or relationships specifically refer
to various types of clusters, which are defined as
contiguous, arbitrary-shaped, dense areas of data objects.
A partition of the data space is not required, that is, a data
space may contain only one cluster. So, a linear relationship can be regarded as a special case of a cluster, which
has an elongated shape.

A measure of the ‘goodness of clustering’
To measure the mutual information (or ‘goodness of
clustering’) between two dimensions, there are three
criteria to consider: high coverage (percentage of data
points contained in clusters), high density (high coverage
in a small region), and high dependence.3 Different
subspaces can have different number of clusters of
various shapes, sizes, and distributions. Noise and
extreme values can also exist. Thus, a suitable measure
of the ‘goodness of clustering’ should not be biased
towards any particular type of clusters and should be
robust with extreme values and noise.
A calculation of maximum conditional entropy (MCE) is
developed to measure the ‘goodness of clustering’ in a 2D data space. A critical step in the calculation of an MCE
value is to discretize the 2-D data space into a matrix of
grid cells by cutting each dimension into a set of
intervals. A nested-means (NM) discretization method is
adopted. The advantage of an NM method over an equalinterval discretization method is discussed in.21,28 The
NM approach first calculates the mean value of a
dimension and then divides the data into two halves
with that mean value. Recursively, each half is divided
into halves with its own mean value (Figure 1). The
recursion stops when the required number of intervals is
obtained.
The number of intervals (r) needed for each dimension depends on the dataset size (n). A general rule
adopted here is that on average each 2-D cell should
contain about 35 points according to Cheng et al.3
Another rule is that, for the nested-means discretization, r should equal 2k (k is a positive integer). For
example, if n ¼ 10,000, then r ¼ 16 ¼ 24, because 162 ¼ 256
and 256 * 35 ¼ 8960 (close to 10,000). To scale well
with extremely large datasets, the threshold 35 can
increase by a factor of logk n, where k is a large integer
(e.g., 1000). Thus, the computational complexity for
discretizing all 2-D subspaces in a d-dimensional dataset
is O(d2nlogn).
The calculation of a conditional entropy can be found
in.29 Let S be a 2-D subspace comprising of dimensions ai
and aj. Both ai and aj are first discretized into x intervals
using the NM method. Thus, S is partitioned into a
matrix of grid cells. Let w be the set of grid cells (including
empty ones) for a column C in the matrix, and d(x) be the
density of a cell xAw, that is, the number of points in x
divided by the total number of points in the column.
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Figure 1 Nested-means (NM) discretization of a 2-D data space. Each dimension is recursively cut into eight intervals. The number in
each grid cell shows the number of points that fall in the cell.
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Figure 2 The calculation of conditional entropy (Y|X) and
conditional entropy (X|Y) given a matrix of values. The larger
one of the two conditional entropy values is then taken as the
final entropy value (maximum conditional entropy – MCE) for
the subspace.

Then the entropy of this column is calculated using the
following equation:
X
HðCÞ ¼ 
½dðxÞ log dðxÞ= log jwj:
ð1Þ
x2w

Conditional entropy (Y|X) is a weighted sum of the entropy
values of all columns (Figure 2). Similarly, conditional
entropy (X|Y) can be calculated using rows instead of
columns (Figure 2). The maximum conditional entropy
(MCE) value of this 2-D subspace is the maximum value
of the above two conditional entropy values (Figure 2).
The more clustered a dataset is in a 2-D space, the smaller
its MCE value is. The MCE values are not used for testing
statistical significance here. Rather, they are used for
comparison. In other words, for variables ai, aj, am, and ak
in a dataset, if MCE(ai, aj)oMCE(am, ak), then we would
say ai and aj have better clusters than am and ak do.

w2 test has been widely used for testing the statistical
significance of bivariate tabular association, especially for
nominal (categorical) data.30 Since the 2-D data space is
now discretized, a (w2) value of this 2-D space is also
calculated for comparison with the maximum conditional entropy value (see next section).

Sorting dimensions for better visualization
Let A ¼ {a1, a2,?, ad} be a set of dimensions and
S ¼ a1 a2 ? ad be a d-dimensional data space. Let
S2 ¼ {ai aj|i ¼ 1..d, j ¼ 1..d, ioj} be the set of all possible
2-D subspaces in S. The MCE values of those 2-D
subspaces in S2 form a symmetric matrix (hereafter
entropy matrix). This entropy matrix can be viewed as a
complete graph with each dimension as a vertex. Each
MCE value can then be viewed as the distance (or
dissimilarity) between two dimensions. Thus it can be
imagined that there is an ‘edge’ between any two
dimensions and the length of the edge is the MCE value
between the two dimensions.
To render a better display of the entropy matrix, an
ordering (or sorting) of all dimensions is needed such
that correlated (in terms of a low MCE value) dimensions
are placed as close to each other as possible in the
ordering. The more correlated two dimensions are, the
closer they should be in the ordering. As introduced in
the section on ‘Related work’, there are several existing
methods for sorting variables in high dimensional.15,16
Here a new sorting approach is developed based a
hierarchical clustering method, which is introduced
below.
A minimum spanning tree (MST) is constructed from
the complete graph of all dimensions depicted above.
During the construction of the MST, a unique ordering of
all dimensions can be achieved. At the very beginning of
constructing the MST, each cluster contains a single point
(dimension). When an edge is added into the MST, the
edge will connect two clusters of dimensions into one.
A cluster (connected graph) of dimensions can be viewed
as a chain of ‘points’.31 Each chain has two end points (at
the very beginning they are the same point). There are
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Figure 3 Deriving an ordering of dimensions from their entropy matrix with an MST-based approach. Adding edge AJ to the MST
connects two chains of points – the closest pair of end points is connected (here it assumes edge KM is shorter than KE, BE, or BM).

four choices to connect two chains (see Figure 3). The
closest two ends should be connected. Once all points
(dimensions) are in the same chain, an ordering of
dimensions is achieved.
Many other graph-based hierarchical clustering methods, for example, average-link and complete link methods,19,32 can also be adopted here to derive a cluster
hierarchy of dimensions, as long as there is a strategy to
determine an ‘optimal’ connection when merging two
clusters (chains) of dimensions into one.
Figure 4 shows the entropy matrix of a real dataset with
72 dimensions. This visualization of matrix can accommodate a large number of dimensions. Each cell with a
color represents a measure value between two dimensions. MCE values of paired variables are displayed below
the diagonal and w2 values of paired variables are
displayed above the diagonal. In both cases, the brighter
cells represent good values: low MCE values or high w2
values. With the mouse over a cell, the MCE (or w2) value
of that cell will pop out. The diagonal provides access to
each variable; the user can select, add to, or subtract from
a subset by simply clicking on the variable’s diagonal cell.
A selected subset can be broadcast to other components
(sorted on the conditional entropy values for the
subspace selected) for further analysis.
From the matrix it can be observed that the MCE value
and w2 value of a 2-D subspace agrees with each other very
well. Note: both MCE values and w2 values are calculated
by discretizing the 2-D data space with a nested-means
approach (not equal-interval approach). The time complexity for constructing the entropy matrix is
O(d2n log n), where d is the dimensionality and n is the
size of the dataset. The most time-consuming part is the
discretization of all 2-D subspaces. Once the entropy
matrix is constructed and visualized, the user can
examine various relationships among dimensions
without running the procedure repeatedly.

Interactive exploration and interpretation of subspaces
With the entropy matrix, the user can get a holistic
understanding of the relationships among dimensions.
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The user can identify potentially interesting subspaces
that might have good clusters based on the visual display.
For the complex, real data shown in Figure 4, one can
easily perceive those ‘hot spots’ (blocks of bright colors),
which are multidimensional subspaces that likely contain
significant patterns.
The user can interactively form a subspace according to
his/her understanding, expertise, and interest. For a large
number of dimensions in real dataset, the relationships
among dimensions can be very complex. Some dimensions may be duplicate and identical, which definitely
will show strong patterns but are not so interesting to the
user. Some patterns may not be as strong as the above
ones but can be of great interest to the user. With the
user’s interactive exploration and interpretation with the
matrix, meaningful and interesting subspaces can quickly
be identified.
An automatic algorithm is also developed to help the
user quickly locate potentially interesting subspaces.
Given a threshold MCE value e, a maximum subspace Smax
(e) satisfies two conditions: (1) the MCE value of any 2-D
subspace from Smax (e) is lower than e; and (2) adding any
new dimension that is not in Smax (e) will violate the first
condition. An algorithm is developed to automatically
search maximum subspaces given a threshold. Figure 5
shows a list of maximum subspaces identified from the
entropy matrix shown in Figure 4. The user can select a
subspace from this list and modify it by adding/removing
variables according to the entropy matrix and her/his
expertise and interest.

Interactive multivariate clustering
Once an interesting subspace is formed in the feature
selection component, the next step is to search multivariate patterns in this subspace. Normally, the dimensionality of the selected subspace is much lower than
the original data space. Many existing clustering methods
or visualization techniques can be employed here to
search patterns in this subspace. Since the goal of this
research is to help the user interactively search multivariate clusters of arbitrary shape in large datasets, a
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Figure 4 Visualizing the entropy matrix of a real cancer dataset with 72 dimensions. Two interactive histograms are implemented to
flexibly adjust the classification and coloring of values.

Figure 5 The automatic subspace searcher and a list of
identified maximum subspaces.

density- and graph-based method is developed for
hierarchical multivariate clustering. The initial idea of
this method is presented in21 but the subspace evaluation part of the original method is removed and replaced
with the feature selection method introduced above.
The focus here is on the integration and collaboration
of this clustering method with other visualization
components.
The clustering method first aggregates data points into
a small number of non-empty hyper-cells, each of which
may contain one or many data points. The method then
extracts dense cells (given a density threshold that is
interactively configured by the user) and thus can remove
noise and makes major patterns easy to emerge. The
clustering method is coupled with several interactive
visualization interfaces to support interactive configuration of algorithm parameters and human-led exploration
and interpretation of clusters.
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The clustering method can enhance high-dimensional
visualization techniques in several aspects. First, visualization components only need to visualize those dense
cells (each of which as a summary ‘point’) rather than all
original data points. Since the number of dense cells is
much smaller than the original data size, it makes
visualization methods more efficient, less clumpy, and
clearer in presenting major patterns. Second, the clustering method can generate a 1-D ordering, which is a
complete representation of the hierarchical cluster structure. This ordering makes it possible to use color
continuum to represent hierarchical clusters and
communicate among components.

Aggregation of data and extraction of dense cells
The input subspace is first partitioned into multidimensional cells. Such a discretization of a multidimensional
subspace is similar to the discretization of 2-D space
introduced in the previous section. Each dimension is cut
into a set of intervals using the nested-means discretization. The number of intervals needed for each dimension
is determined by the subspace dimensionality and the
dataset size.
To further improve the effectiveness and efficiency of
the clustering process, only dense cells are selected for
further clustering. The density (or coverage) of a hyper
cell is defined as the percentage of total points that is
contained in the cell. A cell is dense if its density exceeds
a density threshold set by the user. The density threshold
is configured according to the distribution of the
densities of all cells. A visual tool is developed to assist
the user to interactively configure the threshold (see
Figures 7, 9, and 11).
A proximity measure between dense hyper-cells
To find hierarchical clusters with a set of dense cells, a
‘distance’ measure is needed to define the similarity (or
proximity) between two cells. Two facts need to be
considered in deriving a distance between two cells: (1)
the size of two cells can be different, and (2) the
distribution of data points in each cell can be quite
different. Here a synthetic distance measure is used,21,33
which considers both the nominal position of intervals
and the distribution of data points within each cell.
A synthetic value (SynVal) is calculated for each interval
within a cell based on: the nominal position (i) of the
interval on the dimension, the interval bounding values
[Mini, Maxi], and the mean dimension value (Meani) of all
data points contained in the cell. Following is the
equation for calculating the synthetic value of an
interval:
SynVal ¼ ½ðMeani  ðMaxi þ Mini Þ=2Þ=ðMaxi  Mini Þ þ i:
ð2Þ
Thus each cell has a vector of synthetic values, with
which a cell is defined as a ‘point’ in the multidimensional space. A metric can then be used to derive a
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distance between two cells. Here the Euclidean metric is
used (note: the Euclidean distance is calculated with
those synthetic values of each cell). The most prominent
characteristic of this proximity measure is that two cells
are closer if the distribution of data points in each cell is
more skewed towards each other. The developed method
is designed and in future will be able to flexibly support a
collection of distance measures for the user to choose and
compare.

Hierarchical clustering and ordering of dense cells
With a set of dense cells and a proximity measure
between cells, a matrix of pair-wise distance measures
for all dense cells can be derived. This matrix is a
complete graph with each dense cell as a vertex. A
hyper-MST can then be derived. The algorithm for
deriving a hyper-MST and an ordering of all dense cells
is similar to the one for sorting dimensions introduced in
the section on ‘Interactive feature selection’. Since here
only dense cells are considered (and sparse cells are
excluded) in the construction of a hyper-MST, it can
effectively avoid the single-link effect (or chaining effect).
The computational complexity of this clustering method
is O(c2), where c is the number of dense cells. Normally, c
is much smaller than n (data size). More importantly, the
user can control c by configuring the density threshold.
With an ordering of dense cells derived above, a very
useful and interactive visualization can be derived. Let us
look at an illustrative dataset shown in Figure 6 (top half).
Imagine that each point there is a hyper-cell in a
multidimensional space. The ordering of those cells is
visualized in Figure 6 (bottom half). The horizontal axis
represents the ordering of cells. The vertical axis represents the length of hyper-MST edges. Each vertical line
segment is an edge in the hyper-MST of these cells and its
height is the length of the edge. There is an edge between
each pair of neighboring cells in the ordering. Note: as
shown in Figure 3, the edge may not directly connect the
two neighboring cells. Strictly speaking, each edge is
connecting two clusters (i.e., two chains of cells).
With the visualization of cluster ordering depicted in
Figure 6 and implemented as in Figure 7, a cluster appears
as a valley in the graph. Distinct clusters are separated by
long edges (high ridges). The dashed horizontal line
(Figure 6) is the threshold value for cutting off long edges.
By interactively dragging this threshold bar, one can
interactively explore clusters at different hierarchical
level. Clusters are automatically extracted and colored
while the user moving the threshold bar. This visualization of cluster ordering can scale well with very large data
sets, which is an advantage over traditional dendrograms.
Using a real dataset, Figure 7 shows: (1) a density plot that
supports interactive configuration of the density threshold, (2) a cluster ordering graph, (3) a trend plot (below
the cluster ordering) that plots the relationship between
the threshold value and the number of clusters identified
(given a minimum cluster size), and (4) an HD cluster
viewer based on a parallel coordinates plot. See Table 1
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Figure 6 Deriving a cluster ordering from a graph of dense cells
(here they are in a 2-D space for the convenience of
demonstration).

and the penultimate section for further explanation of
the data used here.
This visualization of cluster ordering is inspired by
OPTICS25 but has several significant differences from
OPTICS. First, the cluster ordering in OPTICS is derived
using a density- and neighborhood-based approach while
the cluster ordering presented here is derived from a
graph (although it is a graph of dense cells) and thus
is applicable to visualize many existing hierarchical
clustering methods (e.g., average- and complete-linkage
methods). Second, each vertical line segment here
represents a hyper-MST edge (not a point and its reachability as in OPTICS). Third, while OPTICS needs to
identify potential start-of-cluster and end-of-cluster regions and then combine matching regions into clusters,
the cluster ordering developed here makes it much easier
for the user to perceive the cluster hierarchy and for the
algorithm to automatically extract clusters.
In the literature there are also several other aggregation
(or condensation) methods to summarize or group data
points for efficient clustering analysis.23,24,34 The incorporation and comparison of those condensation-based
(or density-based) methods with the method introduced
above is beyond the scope of this paper. The focus here is
to introduce an overall framework and a suite of
coordinated computational and visual methods, rather
than evaluate a single clustering method.

Selection, coloring, linking, and brushing
Two groups of selection are supported: cell-based and
cluster-based. A cell-based selection allows the user to
select a single cell or a set of cells. In the HD cluster
ordering and with the ‘Cell’ checkbox checked, the user
can mouse-over any cell (the region between two
neighboring lines) to highlight it, or drag the mouse to
select a group of cells to highlight them. In the HD cluster
viewer, with the ‘Indication’ box checked, the user can
mouse-over a string to highlight it or drag the mouse to
run across one or multiple strings to highlight. Cell-based
selection can be further classified into two groups: union
selection or intersect selection. With the ‘shift’ key down,
the user can make multiple selections and highlight them
all. It can also be called ‘addition’ selection. Similarly, in
the HD cluster viewer. Intersect selection is supported
only in the HD cluster viewer. The user can make the first
selection as described above. Then check the ‘Intersect
Sel.’ checkbox. Now the user can make another selection.
Only those cells that are in both selections are highlighted.
A cluster-based selection allows the user to select all the
cells of in a cluster. In the HD cluster viewer, clusters
often partly overlap with each other and make it difficult
to fully understand them. In the HD cluster ordering
component, with the ‘Cluster’ checkbox checked, the
user can mouse-over any cluster (cells between two
neighboring lines that are longer or higher than the
current threshold) to highlight all cells within that
cluster. The user can also drag the mouse to select a
group of cells that fall in the same cluster. This is possible
in the HD cluster ordering because all cells in the same
cluster are ordered contiguously.
Clusters are colored with a continuous color spectrum,
which the user can interactively configure. The basic idea
is that: the closer two clusters are, the more similar their
colors should be. Since the HD cluster ordering is derived
precisely to meet this requirement, colors are assigned to
clusters according to their positions in the cluster
ordering. Both selection operations and coloring of
clusters are propagated among those visualization components, for example, HD cluster viewer, HD cluster
ordering, and the map. Such linking and brushing can
help the user to explore patterns from different but
interrelated perspectives and achieve good understanding
of both the data and discovered patterns (see Figure 9).

Component-Oriented Implementation
The implementation of the data exploration environment designed in this research adopts a componentoriented framework.35 Each analysis approach that
focuses on a specific analysis task, for example, feature
selection, is implemented as an independent component
– a JAVA Bean. Components that comply JAVA Bean
specification can be easily integrated together within
GeoVISTA studio, a JAVA-based visual programming
environment.36 – 39
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Figure 7 A density plot (bottom-left), a cluster ordering (bottom-right), a trend plot (below the cluster ordering), and an HD cluster
viewer (top). See Table 1 and the section penultimate for further explanation of the data and patterns shown here.

The communication between components is based on
the input/output interface (public methods within a JAVA
bean) and events. An event is fired by a component when
the component has changed something and wants other
components to know about it. Other components can be
notified of the event if they register as listeners to the
component that fires the event. Different subsets of
components can be assembled into a discovery system
according to the need of a specific analysis task. Such a
component-oriented implementation enables an open
framework that is easy to add in new components or
modify existing components to enhance the capability of
the discovery environment.
Figure 8 shows a design in GeoVISTA Studio that
assembles a suite of components into a knowledge
discovery environment. Each component is represented
using a rectangular icon, which has one or more
inputs (red arrows) and produce one or more outputs
(blue arrows). The user has the flexibility to select

Information Visualization

components and configure how they communicate
with each other. In the design (Figure 8), four measures
(correlation, w2, conditional entropy, and Kullback –
Leibler divergence40 are registered with the feature
selection component. In this paper, only the conditional
entropy and w2 measures are used. Two sorting methods,
MST-based and null sorting (i.e., using original ordering
of dimensions), are registered with the feature selection
component for sorting variables with one of the
above measures. Two interactive histograms are linked
to the feature selection component for interactively
classifying and coloring measure values in the entropy
matrix. A DataCenter component (for loading data) is
first linked to a data processing component (for preliminary examination and cleaning of the input data
and variables), which is then linked to the feature
selection component. A maximum subspace searcher
component, an HD density plot component, an HD
cluster ordering component, an HD cluster viewer, and a
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Table 1

Attributes in the breast cancer dataset

Attribute

Explanation

Centroid.X
Centroid.Y
BRRALLZ

Coordinate X of the centroid of a county
Coordinate Y of the centroid of a county
Breast cancer mortality rate per 100,000
person-years, all races, all genders, all ages, for
the time period 1970–1994
# physicians per 100,000 population
# hospitals per 100,000 population
% of Hispanic origin
USDA urban/rural code (0=most urban, 9=most
rural)
per capita income
% living below federal poverty line
% adults over 25 with 4+ years of college
education
% unemployed
1995 population
% women aged 50–64 who had a pap test in
past 3 years
% women aged 50–64 who had a
mammogram in past 2 years
% of persons aged 18+ who are >120% of the
median body mass index
% of persons aged 18+ who do not have a
health plan or health

MDRATIO
HOSP
PCTHISP
URBRURAL
PCINCOME
PCTPOOR
PCTCOLED
UNEMPLOY
POP95
PAP3YRSM
MAMMOG2YSM
OBESE
NOINS

map component are sequentially connected with the
feature selection component.
Figure 9 shows a snapshot of the integrated system. A
normal cycle within the iterative exploration process can
be: loading data, cleaning the data, visualizing the
matrix, using histograms to adjust colors for a better
view of the matrix, interactively or automatically identify
an interesting subspace, cutting the subspace into cells
and selecting dense cells, deriving the cluster ordering of
these dense cells, interactively exploring hierarchical
clusters, visualizing the clusters in a map if spatial
locations available.

Analyzing cancer data
The dataset used here contains 1156 counties with
BRRALLZ (breast cancer mortality rate per 100,000
population for the time period 1970 – 1994) over 45.
The dataset has 14 dimensions (Table 1) and two spatial
dimensions – the centroid of each county. As introduced
previously, the developed system can handle much more
dimensions and larger data size than this application
dataset. This dataset is under development in a funded
research and more variables (e.g., factor variables from
census data, environmental monitoring data, etc.) will be

Figure 8 Assembling various components into a unified, collaborative working system. The wires between components specify how
they communicate with each other.
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Figure 9

The interface of the integrated data exploration system.

added to study the potential causes and patterns for
breast cancer incidences.
The conditional entropy matrix of all dimensions in
the breast cancer data is shown in Figures 9 and 10. Either
visually or automatically, {PCINCOME, PCTCOLED,
MDRATIO, URBRURAL, POP95} appears to be the top
ranked subspace that may have strong relationships.

Information Visualization

Once this subspace is selected (see Figure 9), it is passed to
the HD density plot component, where the subspace is
cut into 783 non-empty cells. Then a density threshold is
interactively set and 200 dense cells are extracted. These
200 dense cells altogether contain about 50% of all data
points (i.e., about 578 counties) (see Figures 7 and 9).
These 200 dense cells are then passed to the HD cluster
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Figure 10 Visualizing the entropy matrix of a cancer dataset (with w2 values above the diagonal). Subspace {BRRALLZ, POP95,
MDRATIO} is selected.

ordering component, where an ordering and visualization of these dense cells are derived (see Figures 7 and 9).
The user can then interactively change the threshold to
see clusters at different levels. The change of clusters is
immediately propagated to the HD cluster viewer and the
map (see Figure 9). In the snapshot shown in Figure 7,
there are four major clusters: green, red, purple and blue.
The strong relationships among these five variables can
be easily seen and interpreted. Their spatial distribution is
presented in the map.
However, these patterns may seem obvious and trivial
to some users. The relationship between POP95 and
URBRURAL is also obvious because the URBRURAL value
is pretty much derived using POP95. Indeed, due to the
complex and various relationships in a real dataset,
human expertise and interpretation are indispensable in
guiding the whole discovery process. For the knowledge
discovery environment, being able to find the obvious
first is actually a good thing because the obvious is often
the strongest patterns in the data. What is needed is to
either use human interaction or encode human knowledge in the system to ‘ignore’ the obvious and focus on
unexpected, novel patterns.

If the user is interested in studying various relationships between the breast cancer mortality rate and other
variables, she/he may force the BRRALLZ variable to be
included in the selected subspace. From the matrix, we
can see that BRRALLZ is strongly associated with POP95,
URBRURAL, and MDRATIO. Since we already know the
strong (but obvious) linear relationship between POP95
and URBRURAL, only one of them (here it is POP95) is
included in the selected subspace {BRRALLZ, POP95,
MDRATIO} (see Figure 10). The subspace {BRRALLZ,
POP95, MDRATIO} is cut into 245 non-empty cells. With
the density threshold set in Figure 11, 84 dense cells are
extracted, which contain 70.93% of all data pints (820
counties).
These dense cells are then passed to the HD cluster
ordering component. Although the clustering ordering of
these cells does not show a clear hierarchical cluster
structure, the color assigned to each cell based on the
ordering still uncovers strong patterns in the HD cluster
viewer and the map (see Figures 11 and 12). From colors
in the HD cluster viewer and the map, we can see mainly
four clusters: blue, green, red, and light brown. The blue
cluster represents those counties with high population,
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Figure 11

The density plot, HD cluster ordering, and the HD cluster viewer with subspace {BRRALLZ, POP95, MDRATIO}.

Figure 12

Mapping the patterns found in subspace {BRRALLZ, POP95, MDRATIO}.
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high doctor ratio, and slightly-below-average breast
cancer ratio. The green cluster represents those counties
with average doctor ratio, average-low population, and
low breast cancer ratio. The red cluster represent those
counties with very low doctor ratio, very low population
and high breast cancer ratio! The light brown cluster is
between the green and the red, representing counties that
have low doctor ratio, low population, and low-average
breast cancer ratio.
The map of these clusters also shows interesting spatial
patterns (Figure 12). One can see that counties within the
red cluster also spatially clustered in mid-states. Another
exciting feature of the coloring is that it enables us to see
the transition between clusters, both in the multidimensional space shown with the HD cluster viewer and the
geographic space shown with the map. Although for this
case the subspace has only three variables (and thus a
traditional 3-D scatterplot can be employed to visualize
patterns in it), the developed system enables a unified
approach for searching patterns in subspaces of various
dimensionalities (e.g., in Figures 7 and 9, the subspace
under examination is 5-D).

shaped multidimensional clusters, and (3) a suite of
coordinated visualization and computational components centered around the above two methods to
facilitate an efficient and effective human-led exploration of high-dimensional data. The overall analysis is by
nature an iterative process.
The research shows that computational approaches
and visualization tools not only can be used together in a
tightly coupled manner, but that used in this manner,
each can also enhance and improve the capabilities of the
other. For example, the cluster ordering greatly improves
the visual presentation and coloring in visualization
components. The aggregation of data points into cells
makes visualization components more efficient and
clearer for presenting and exploring patterns. Various
visualization components, on the other hand, can help
on configuring computation algorithms, interpreting
patterns, and guiding the overall process of exploration.
The application in analyzing the cancer dataset shows
that the developed system can efficiently and effectively
assist people in exploring high-dimensional data and
identifying unknown (even unexpected) patterns.

Conclusion
The goal of this research is to develop a highly interactive
analysis environment that integrates the best of both
human and machine capabilities for exploring large and
high-dimensional data. Specifically, the research includes: (1) an interactive feature selection method for
identifying interesting subspaces, (2) an interactive,
hierarchical clustering method for searching arbitrary-
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