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A new radial space-filling method for visualizing cluster hierarchies is presented. The method, referred to
as a radial clustergram, arranges the clusters into a series of layers, each representing a different level of the
tree. It uses adjacency of nodes instead of links to represent parent-child relationships and allocates sufficient
screen real estate to each node to allow effective visualization of cluster properties through color-coding.
Radial clustergrams combine the most appealing features of other cluster visualization techniques but avoid
their pitfalls. Compared to classical dendrograms and hyperbolic trees, they make much more efficient use
of space; compared to treemaps, they are more effective in conveying hierarchical structure and displaying
properties of nodes higher in the tree. A fisheye lens is used to focus on areas of interest, without losing
sight of the global context. The utility of the method is demonstrated using examples from the fields of
molecular diversity and conformational analysis.

INTRODUCTION

Clustering is a common technique used to partition a set
of data points into groups (clusters), so that the points in
each group share some common characteristicsstypically
proximity according to some distance or similarity measure.
The technique has found numerous applications in chemoin-
formatics, as it allows the analyst to reduce the complexity
of large chemical data sets to a more manageable size.1-4

Clustering algorithms fall into two broad categories: hier-
archical, which partition the data by successively applying
the same process to clusters discovered in previous iterations,
and partitional, which determine the clusters in a single step.5

Hierarchical methods can be agglomerative (bottom-up) or
divisive (top-down). The former begin with each point in a
separate cluster and merge them into successively larger
clusters, whereas the latter start with the whole set and
successively split it into smaller and smaller groups. Hier-
archical algorithms appear to be more widespread, perhaps
because they assume very little a priori knowledge on the
part of the analyst. The output of a hierarchical algorithm is
a tree structure, representing the hierarchical classification
of the data.

A good visualization of a hierarchical clustering tree
should engage the pattern recognition capabilities of the
human visual system and enable viewers to see at a glance
the size of a particular cluster and its proximity to other
clusters and to distinguish related and unrelated data items.
Many efforts to visualize the results of hierarchical clustering
have drawn from the extensive literature on graph drawing
and tree layout algorithms. Lacking the space to properly
survey these methods here, we refer the reader to two
relatively recent reviews. Herman6 surveys algorithms for
graph and tree visualization and navigation, including a
section on hierarchical clusters; Strehl and Ghosh7 include

a complementary overview of algorithms for visualizing
nonhierarchical clusters, such as self-organizing maps,8 and
the authors’ own CLUSION permuted similarity matrix plot.

Dendrograms have classically been the most popular
cluster visualization method. This layout visually emphasizes
both the neighbor relationship between data items in clusters
(horizontal) and the number of levels in the cluster hierarchy
(vertical). Several software packages have been released that
use dendrograms for cluster visualization, including Spotfire,9

Treeview,10 GeneMaths,11 and Expression Profiling/EP-
CLUST.12 As in other tree layout methods, the difficulty in
displaying a dendrogram increases with the number of nodes;
for instance, the statistical package Stata will draw a
dendrogram only if it has 100 or fewer nodes. The Hierarchi-
cal Clustering Explorer program13,14 implements a com-
pressed dynamic dendrogram view where users can restrict
the number of clusters they view at a time and show those
clusters more clearly.

Treemaps15 are a technique for visualizing large trees
(originally directory trees) in a space-filling manner. They
recursively slice and dice the screen space available using
vertical and horizontal rectangles at alternating levels of the
hierarchy, each with a thickness proportional to the size of
the node that it represents. Treemaps have been used to
visualize hierarchical clusters of gene expression data16 and
gene ontologies.17 A variant of treemaps called quantum
treemaps18 underlies a rectangle-packing hierarchy visualiza-
tion called HeiankyoView19 that has found use in chemoin-
formatics.20,21

The treemap concept was applied to radial space-filling
visualization of hierarchical clusters in the sunburst,22 and
independently in the aggregate treemap23 and the information
slice.24 These methods draw a concentric pie chart where
each successive pie is split into sectors that correspond to
the clusters at that level of the hierarchy. In the application
to directory tree visualization described by Stasko and
Zhang,25 sector sizes were proportional to relative file or
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directory sizes, radii were constant, and colors indicated file
type or age. The authors found that users were able to
complete simple tasks faster and more accurately using the
sunburst than when using treemaps. A related technique
called the pietree26,27separates sectors by thick white borders,
varies sector radii depending on hierarchy depth, and maps
file size/count directly into sector area, as treemaps do for
rectangles.

One limitation of radial space-filling and linear tree
visualizations is the decreasing size and resolution of clusters
with many nodes or deep down in the hierarchy. This
limitation has been addressed by a separate detailed display
of the cluster in focus,24,28 by using hyperbolic geometry to
enlarge areas of interest,29 by showing the focus area
angularly expanded or placed concentrically inside or outside
the entire visualization within the same space,25 by allowing
user-controlled radial and angular distortion of the focus
area,30 and by expansion/contraction of the hierarchy levels
on demand.30,27

Our current method, the radial clustergram, was developed
independently from these older radial space-filling systems,
though it has certain similarities in look and feel. Our sector
angles and radii mirror those in Schonlau’s linear cluster-
gram,31 a specialized structure for intuitive visualization of
hierarchical clusters. A distinguishing feature of our imple-
mentation is the use of a magnification technique known as
fisheye distortion to enlarge an area of interest without losing
the broader context around it. Our color scheme, data display
within sectors, and navigation user interface are tuned to the
needs of chemical informatics and computational chemistry;
to the best of our knowledge, this is the first application of
interactive radial space-filling visualization of cluster hier-
archies in this field. A radial plot illustrating a classification
of natural products is found in the supporting information
of reference 52. This plot was constructed manually in Excel,
uses a different color-coding strategy, and is non-interactive.
Last, we describe the integration of radial clustergrams in a
larger data mining and visualization application known as
Third Dimension Explorer (3DX).32

IMPLEMENTATION

Layout. The radial clustergram is a circular space-filling
layout divided into a series of layers of widthdr, each
representing a different level (depth) of the tree. The plot is
constructed using the following rules: (1) the center repre-
sents the root of the hierarchy; (2) deeper nodes in the
hierarchy are drawn further from the center; (3) child nodes
are drawn within the arc subtended by their parents; (4) the
sweep angle of a node is proportional to its size (i.e., to the
number of points that fall under that node), and (5) the sweep
angle of a nonleaf node is the sum of all its children.
Consider, for simplicity, a simple binary classification tree.
The center of the plot represents the root of the tree, and the
innermost layer (0,dr) represents its two children. The area
is divided into two segments, one for each child node. The
relative size of the two segments is proportional to the
number of points in the corresponding nodes. Each of the
segments that does not correspond to a terminal node is
projected out to the next layer (dr, dr + dr) and is further
subdivided into two narrower segments, on the basis of the
relative sizes of their respective children. This process is

repeated recursively until all the terminal nodes in the tree
have been processed. Thus, the maximum radius of the
clustergram is equal to (d - 1)dr, whered is the depth of
the tree. Although the preceding description pertains to binary
trees, extension ton-ary trees is straightforward.

Color Coding. Each segment can be color-coded by a
user-defined property of the elements in that node, typically
using an aggregation function like the average, minimum,
maximum, and so forth. The advantage of this approach is
that the property used for color-coding need not be related
to the method used to construct the cluster hierarchy. For
example, one can cluster a set of compounds on the basis of
their molecular similarity and color-code the resulting clusters
on the basis of the average activity of the compounds in a
particular biological assay system. Nodes with null properties
are typically colored in gray (e.g., clusters which consist
exclusively of compounds whose biological activity has not
been measured).

A radial clustergram can display both unpruned and pruned
trees. An unpruned tree is a tree whose terminal nodes are
all singletons. Since the purpose of clustering is to divide
the data points into a set of relatively homogeneous groups,
several pruning algorithms have been devised to obtain the
optimal set of clusters from the complete hierarchy. A
popular algorithm in chemoinformatics is Kelley’s cluster
level selection method, which calculates, for all levels of
the hierarchy, a penalty value that is a tradeoff between
intracluster and intercluster variance. The level of hierarchy
that has the lowest penalty value is selected and used to
partition the data set into the corresponding number of
clusters. To allow the interactive exploration of pruned
hierarchies, our radial clustergrams provide three viewing
modes: (1) display and color-code by property every node
in the full, unpruned tree, (2) display and color-code by
property only the nodes in the pruned tree, and (3) display
all the nodes in the tree, but color-code by property only the
nodes in the pruned tree and gray out the ones that were
pruned. These modes are illustrated in Figure 1a-c, respec-
tively.

Navigation. As the number of nodes in the hierarchy
increases, any visualization of the clustering is challenged
to display all the information effectively. In the radial
clustergram, the effect is that terminal slices near the
periphery of the visualization can become too narrow to
distinguish. We address this problem using a technique
known as fisheye distortion. The idea, which was first
introduced by Furnas,33 is to use a zoom lens to simulta-
neously provide both a global and a detailed view of a
structure. In many information visualization systems, con-
textual information is often lost when a user zooms on a
point of interest. In most cases, this loss of information also
causes loss of orientation. The fisheye belongs to a family
of methods known asfocus-plus-context, which allow the
user to focus on a special item while capturing the broader
context around it. An application of this technique in
visualizing conventional tree layouts has been reported.34

The fisheye effect is illustrated in Figure 2. A lens is used
to enlarge the area of interest, while showing other portions
of the image in progressively less detail. Vertices that fall
inside the lens are magnified, while the rest are extended.
This is accomplished using a nonlinear distortion function,
which transforms the distance of a vertex from the focal point
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of the lens. The function should be concave, mapping the
distances monotonically in such a way that points located
near the focal point of the lens are mapped further away
from it. Here, we use a simple distortion function that
provides a smooth magnification effect and preserves fairly
well the edges of the context. Ifr, m, andxc denote the radius,
magnification, and focal point of the lens,x denotes the
coordinates of the vertex to be transformed, andd denotes
the Euclidean distance betweenx and xc, the transformed
coordinatesxt of the vertexx are computed by

and

(Interestingly, if the magnification factor is less than 1, the
lens behaves like a “black hole” consuming the space around
it; although this is a useless effect from a practical point of

view, it is quite entertaining to watch.) Other types of lenses
are described in the work of Carpendale and Montagnese.35

While fisheye is an extremely powerful technique, proper
implementation requires attention to detail. The fisheye
distorts the position of each vertex. If the distortion is to be
applied faithfully, the edges connecting the vertices must also
be distorted. Mathematically, the result of that distortion is
a general curve. To achieve the correct result, long line
segments must be divided into short ones, a process known
as convex segmentation. These transformations are imple-
mented extremely efficiently in the underlying graphics
library (vide infra), resulting in very fast redraw rates and a
smooth transition as the user interactively explores different
areas of the clustergram.

User Interaction. Our radial clustergram offers a full set
of navigation and selection options through event bindings
(see Table 1). Core to the radial clustergram, and indeed
any data mining and visualization technique, is the ability
to browse through the records and select a subset of them
for further analysis and/or processing. The user interface
provides a mechanism to select multiple nodes at any level
of the hierarchy. A selection event (selection/deselection) is
simultaneously applied to a node and all of its children.
Selecting a parent node and then deselecting some of its
children provides a simple and fast mechanism to select any
subset of clusters in the hierarchy. Another useful concept
for data browsing is that of the current record. The current
record is the data object that has the focus and is highlighted
with a specific color in all (linked) visualizations of the same
data set. In radial clustergrams, only singleton nodes can be
set as current. The current node is highlighted in green (along
with its entire path to the root); selected nodes are highlighted
in yellow, and if the current node is also selected, it is
highlighted with a color between yellow and green (Figure
3).

Implementation. Our implementation is based on She-
manarev’s Anti-Grain Geometry (AGG) library.36 AGG is a

Figure 1. Three viewing modes of a radial clustergram. (a) Only
the nodes in the pruned tree are displayed and color-coded by
property; pruned nodes are not shown. (b) All nodes in the tree,
both pruned and unpruned, are displayed and color-coded by
property. (c) Pruned nodes are displayed in gray; unpruned nodes
are color-coded by property.

xt ) xc + m(x - xc) if d e r

xt ) xc + [1 + r(m - 1)/d](x - xc) if d > r

Figure 2. Magnification of an area of interest using the fisheye
lens.

RADIAL CLUSTERGRAMS J. Chem. Inf. Model., Vol. 47, No. 1, 200771



high-quality, lightweight, extensible, and platform-indepen-
dent rendering engine written in standard ANSI C++, which
provides very fast antialiased graphics with subpixel ac-
curacy. The radial clustergram is implemented as a .NET
control (Figure 3) and is built upon a .NET version of the
AGG library written in C++/CLI (available with .NET 2.0).
The control is fully integrated with 3DX,32 a state-of-the-art
application that facilitates the reduction, upload, retrieval,
mining, visualization, and reporting of drug discovery data,
and is an integral part of J&JPRD’s new pharmaceutical
research informatics platform known as ABCD.37

DISCUSSION

We apply radial clustergrams to visualize two different
types of chemical data: the diversity of chemical libraries38,39

and the conformational space of small organic molecules.40

Visualization is an important component of diversity analy-
sis. The most common techniques are simple histograms
and multivariate scatter plots, Kohonen networks,41,42 and
nonlinear maps.43-45 Kohonen networks are perhaps the
most similar to the current method, as they are space-fil-
ling plots that convey cluster proximity. Unlike radial
clustergrams or treemaps, however, they do not convey
hierarchical relationships and cannot visualize more than one
property at a time because the cells are constrained on a fixed
lattice. A radial clustergram uses sweep angle and color to
represent two properties (one of them typically being, but
not restricted to, the size of the cluster), angular proximity
to represent cluster similarity, and radial extension to
represent hierarchy.

Table 1. Event Bindings

event action

MOUSE_DOWN clear previous selection and select the node under the mouse and all of its offspring
CTRL_MOUSE_DOWN select/unselect the node under the mouse and all of its offspring without changing the pre-existing selection
“S” select the terminal node containing the centroid of the cluster under the mouse
“C” set as current the terminal node containing the centroid of the cluster under the mouse, and highlight the entire path

leading to it from the root in green
CTRL_M loop through the three viewing modes (show pruned tree only, show entire tree with pruned nodes in gray,

show entire tree with all nodes color-coded by property)
CTRL_Z toggle fisheye lens on/off
SHIFT_MOUSE_DOWNa move lens to new mouse position
SHIFT_MOUSE_MOVEa drag lens to new mouse position
UP_ARROWa increase the radius of the lens by 10% (20% if CTRL is pressed)
DOWN_ARROWa decrease the radius of the lens by 10% (20% if CTRL is pressed)
LEFT_ARROWa increase the magnification of the lens by 10% (20% if CTRL is pressed)
RIGHT_ARROWa decrease the magnification of the lens by 10% (20% if CTRL is pressed)
DOWNa reset lens to default size and magnification

a These bindings are only available when the fisheye lens is on.

Figure 3. .NET control, including UI components for adjusting the color scale, setting lens properties, and switching between viewing
modes.
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Despite arguments by Grady et al. that similar pie-chart
views are inefficient,46 our radial clustergram greatly im-
proves the information density in the available space
compared to other viewers. The interface provides the
flexibility to display as many levels as needed, even if the
underlying data has deeper structure. Additionally, the fisheye
lens allows the viewing of details even when the number of
nodes is quite large.

Our first example in Figure 4 shows the radial clustergram
of a combinatorial library containing 2500 compounds
assembled by combining 50 amines and 50 aldehydes by
reductive amination. Each of the products was described by
117 topological descriptors including molecular connectivity
indices, κ shape indices, subgraph counts, information-
theoretic indices, Bonchev-Trinajstić indices, and topologi-
cal state indices.47 These descriptors were normalized and
decorrelated using principal component analysis, resulting
in an orthogonal set of 10 latent variables, which accounted
for 95% of the total variance in the data. The data was
clustered using a very fast implementation of the bisecting
k-means clustering algorithm,48,49 using the Euclidean dis-

tance in the 10-dimensional principal component space as a
measure of similarity.

The unpruned radial clustergram of the resulting cluster
hierarchy is shown in Figure 4, color-coded by the average
molecular weight (a) and logP (b). Color-coding ranges from
red (high values) to blue (low values) through white (average
values). The two plots have a very similar appearance, which
reflects a significant correlation between molecular weight
and logP (R2 ) 0.43). One can easily distinguish major
families and subfamilies of molecules with related structures
and properties at all levels of the hierarchy. Sharp color
changes across cluster boundaries reveal structurally related
chemical families with distinctly different properties. An
example is the two clusters designated as “A” and “B” in
Figure 4. Twenty-five representative structures from each
of these clusters are shown in Figure 4c and d, respectively.
While all these molecules share a common topology, which
explains their proximity in diversity space, the ones in the
second cluster contain several halogens and at least one
bromine atom, which increases both their molecular weight
and logP. None of the molecules in the first cluster contain

Figure 4. Unpruned radial clustergrams of the amination library, using the mean for aggregation. (a) Color-coding by molecular weight;
(b) color-coding by logP; (c) 20 representative structures in cluster “A”; (d) 20 representative structures in cluster “B”.
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bromine, and none of them carries more than one light
halogen (F or Cl).

The second example in Figure 5 illustrates the use of radial
clustergrams for visualizing conformational space. The data
set consists of 100 random conformations of the HIV
protease inhibitor amprenavir (Figure 6), generated by a
distance geometry algorithm known as stochastic proximity
embedding (SPE)50,51 and minimized using the MMFF94s
force field. Each pair of conformers was superimposed using
a least-squares fitting procedure, and the resulting root-mean-
square deviation (RMSD) was used as a measure of the

similarity between the two conformations. The radial clus-
tergram color-coded by the radius of gyration (a measure of
the extendedness or compactness of the conformation) is
shown in Figure 5a. Figure 5c shows a SPE (nonlinear) map
of the resulting conformations, derived by embedding the
conformations in a two-dimensional space in such a way that
the distances of the points on the map are proportional to
the RMSD distances of the respective conformations. Only
local proximities (RMSD< 1.7) are preserved, in order to
better capture the nonlinear geometry of the data.43 A
representative cluster of four extended conformations with
a large radius of gyration (bright red) is highlighted in both
visualizations, and the corresponding aligned structures are
shown in Figure 5b. Again, the major conformational families
are clearly delineated, with color-coding providing valuable
additional context.

CONCLUSIONS

Radial clustergrams are an intuitive method for visualizing
cluster hierarchies that make very efficient use of real estate.
Unlike conventional dendrograms where the terminal nodes
are arranged in a linear fashion, radial clustergrams arrange
the nodes circularly and thus require significantly less
footprints. Parent-child relationships are clearly discerned,
as is the relative size of the clusters at all levels of the
hierarchy. Color-coding allows the user to understand how
aggregate properties are propagated up the hierarchical
structure, and a fisheye lens is used to magnify areas of
interest without losing sight of the greater context. We
believe that this component, when properly implemented and
integrated into an interactive data analytic application with
dynamically linked displays, can be very effective in
visualizing large cluster hierarchies.
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