
Visualizing Large Graphs with
Comp ound-Fishey e Views and Treemaps ?

JamesAbello1, StephenG. Kobourov2, and Roman Yusufov2

1 DIMA CS Center
Rutgers Univ ersity

f abello g@dimacs.rutgers.edu
2 Department of Computer Science

Univ ersity of Arizona
f kobourov,ryusufov g@cs.arizo na.e du

Abstract. Compound-�shey e views are intro duced as a method for the
display and interaction with large graphs. The method relies on a hier-
archical clustering of the graph, and a generalization of the traditional
�shey e view, together with a treemap representation of the cluster tree.

1 In tro duction

Many of the challengesin visualization today arise from the volume of data. As
the volume of data grows, so too doesour desireto visualize the data. Often the
data contain relationships betweenobjects, and can be represented as a graph.
A great deal of research and investment has goneinto developing better display
systems, high-resolution screens,and visualization walls. However, no matter
how good our display systemsget and how many pixels per squareinch can be
obtained, there will always be graphsthat are too large to be fully displayed and
too complex to comprehendas a whole.

Graphs with hundreds of thousandsof nodesand millions of edgesare com-
monplace in many of today's applications, such as telecommunications, soft-
ware engineering,and databases.Recent graph drawing algorithms allow us to
compute layouts for large graphs in reasonabletimes. However, exploring and
interacting with such graphs in their entiret y is likely to be ine�ectiv e.

A visualization technique that relieson �sheye views,clustering, and treemaps
is intro ducedin order to provide a way to exploreand interact with large graphs.
In this context, clustering implies any hierarchical decomposition of the graph.
The cluster computation in turn yields level-viewsof the input graph at di�eren t
levelsof detail. Navigation from onelevel of the hierarchy to the next is provided
by partial re�nement and/or coarseningof di�eren t parts of the view. These
operations correspond to zooming in and zooming out. Compound-�sheye views
are intro ducedas a technique that provides high level of detail in the focus area
while alsoproviding a global view of the graph, through distortion of the view in
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Fig. 1. Di�erent graph views: (a) Multi-level view of a geometricallyclusteredgraph; (b)
Fisheye view of a grid-like graph; (c) Treemapfor a small tree.

areasaway from the focus. The compound-�sheye view combines clusters from
di�eren t levels of the cluster-hierarchy by showing high detail clusters in the
area of interest and progressively lower detail clusters away from the focus. A
treemap view of the cluster tree is also used to provide a global view of the
original graph.

1.1 Related W ork

Multi-lev el display algorithms are described in the context of visualization for
clustered graphs in [9]. Compound and clustered graphs are studied in [10,18].
Multi-lev el views[8,9] show largegraphsat multiple abstraction levels.A natural
realization of such multiple level representations is a 3D drawing with each level
drawn on a plane at a di�eren t z-coordinate, and with the clustering structure
drawn as a tree in 3D; seeFig. 1(a). The related concept of a graph sketch is
intro duced in [1] and is used in the M GV system [2].

The above algorithms assumethat the clustering of the graph is given. In the
casewherethe input graph hasno clustering information, hierarchical clustering
algorithms basedon the structural properties of the graph can be used [4,15].
Alternativ ely, geometric graph clustering basedon binary spacepartitions can
also be used to display large graphs, as described in [8]. The quality of the
resulting multi-lev el drawings dependson the initial embedding of the graph in
the plane. Hence, a good initial embedding of a large graph is a prerequisite
for this method. Recently , a number of e�cien t algorithms for layout of large
graphshavebeendeveloped,basedon multi-scale, high-dimensionaland spectral
methods [12{14,20]. Data structures supporting cluster-graph operations (such
as cluster-expandand cluster-collapse)have beenstudied in [6,7].

Fisheye viewsare intro ducedin the context of viewing and �ltering computer
programs [11]. Fisheye views show one area of interest quite large and in detail
and show other areassuccessively smaller and in lessdetail by using a distortion
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function; seeFig. 1(b). 2-D �sheye view graph drawings with position and size
distortions are studied in [16]. Finally, treemaps[17] have beenstudied for over
a decadeas an e�cien t space-�lling layout of tree-like structures; seeFig. 1(c).
The nodes of the tree are displayed as nested rectangles in the treemap. The
children of a node are within the rectangle of the parent. Squari�ed treemaps
ensuregood aspect ratio for the rectangles[5] and orderedtreemapskeeprelated
items spatially closeto each other in the map [3].

1.2 Our Con tribution

A visualization technique called a compound-�sheye view is described. It makes
possibleto extend the e�ectiv euseof the traditional �sheyeview to larger graphs.
The technique relies on creating a clustered graph from the original graph, via
a hierarchical clustering algorithm. The resulting cluster tree is then shown asa
treemap and is also usedto navigate the compound-�sheye view.

Compound-�sheye viewsallow the exploration of an areaof interest in detail,
by providing an interactive view of the graph, while still capturing the global
context. When a focusnode is selectedfrom the current view, the corresponding
subgraph at the next level is depicted and the view is updated. Similarly, less
details can be requested about a particular node in the current view, which
results in the replacement of the node (and its siblings in the cluster tree) with
its parent, and the subsequent update of the view. Theseoperations provide the
abilit y to zoom in and out with respect to the current view.

Moreover, the compound-�sheye view hasclusters from di�eren t levels in the
cluster tree, depending on how closethey are to the area of interest. In a way
similar to traditional �sheye views, when more detail is requestedin a particular
area, the areasfarthest away from the focusare automatically reducedin detail.
Unlike traditional �sheye views, however, the reduction in the detail is achieved
by replacing parts of the graph far away from the focus with coarserrepresen-
tations from the cluster tree (rather than just shrinking the area allocated to
theseparts, via distortion).

To aid the comprehensionof the overall structure, a treemap view of the
cluster tree provides global context. A protot ype of the visualization systemhas
been implemented and tested with graphs of varying sizes,up to 10,000nodes.
The screen-shotsin Fig 7 show the system in action.

2 Hierarc hical Clustering

A graph clustering algorithm is geometric if nodes are clustered according to
their spacial locality, given an initial embedding of the entire graph. Similarly, a
graph clustering algorithm is structural if nodesare clusteredbasedon structural
featuresof the original graph (such as connectivity and density). Any clustering
algorithm can be used for the purpose of compound-�sheye view navigation,
provided that the clustering is hierarchical. One structural clustering algorithm

3



a b

g

i

h

c

fe fe

a b c e f g h i

432

1
2

4

d dd

(a) (b) (c)

Fig. 2. (a) Input graph G; (b) Cluster-treeT : lettered nodesrepresent input graph nodes
and numberednodesrepresentclusters;(c) Compound-�sheye view of C = (G; T ).

and one geometric clustering algorithm have beenimplemented as a part of the
protot ype.

The structural clustering algorithm implemented in the system is a Markov
clustering algorithm [19]. Markov clustering, also known as MCL, usesa ran-
dom walk in the graph to identify denselyconnectedcomponents. MCL is also
general enough to allow weighted graphs (including negative weights) that can
be directed or undirected.

The geometric clustering algorithm implemented in the system is a Binary
SpacePartition (BSP) algorithm, similar to that in [8]. Starting with a 2D layout
of the entire graph, a k-d tree recursive partition is usedto obtain the clustering.
The initial embedding is obtained using a high-dimensional multi-lev el method,
similar to that in [12].

2.1 Clustered Graphs

Whether structural or geometric, the clustering algorithm produces a cluster
tree. A leaf node in this tree represents a node from the original graph. An
internal node represents a cluster of nodes,which consistsof all the nodesin its
subtree.A cluster may contain leaf nodesand/or other clusters.The cluster tree
data structure is the interface betweenthe clustering algorithm, the compound-
�sheye view, and the treemap.

Fig. 2(a-b) show an exampleof an input graph G and the recursive clustering
de�ned by a tree T. Together the input graph and the cluster tree make up the
clustered-graphC = (G; T). All the nodesof T at a given depth i represent the
clusters of that level. A view at level i , Gi = (Vi ; E i ), consistsof the nodes of
depth i in T and a set of representativ e edges.The edge(u; v) 2 E i if there is
an edgebetween a and b in G, where a is in the subtree of u and b is in the
subtreeof v. Fig. 2(c) showsa compound-�sheyeview of the clusteredgraph. The
compound-�sheye view is initialized with the root of the tree and interaction is
accomplishedby meansof the two clustered-graphoperations: cluster-expand
and cluster-collapse . The compound-�sheye view may contain a combination
of nodesfrom di�eren t levels in T .
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Consider the cluster-expand operation. This operation takesa node in the
compound-�sheye view, called a cluster-node, replaces it with its children in
the cluster tree, and performs the necessaryupdates to the edgesin the graph.
Cluster-nodesdo not exist in the original graph, but are createdaspart of a clus-
tering tree. In Fig. 2(c), all numbered nodesare cluster-nodesand all the nodes
from the input graph are leaves in the cluster tree. When expanding a cluster,
determining which nodesneedto be addedto the graph is straightforward, since
they will always be the children in the clustering tree of the cluster-node being
expanded.The challengeariseswhen trying to determine what new edgesshould
be added to the current view. An edgeexists between two cluster-nodesonly if
somemember from one cluster is adjacent to a member of the other cluster in
the original graph. In Fig. 2 an edgeexistsbetweencluster nodes2 and 4 because
nodesc and g are adjacent in the original unclustered graph.

The cluster-collapse operation is simpler. When a cluster is to be col-
lapsed, one of its children in the clustering tree must be selected, since the
cluster-node representing the cluster will not be in the graph. In Fig. 2(b), the
cluster-node 3 can only be collapsedby selecting one of its children, d, e, or f
from the compound-�sheye view in Fig. 2(c). Thus, in order to collapsea cluster,
the children of the cluster-node (siblings of the selectednode in the cluster tree)
must be identi�ed. Next, the set of nodesthat are adjacent to any of those chil-
dren is identi�ed. Finally, an edgeis added between the collapsedcluster-node
and each adjacent node.

3 Comp ound-Fishey e Views

Fisheye views of graph drawings allow a user to understand the structure of
a graph near a speci�c set of nodes (local detail), and at the same time they
display the graph's overall structure (global context). Such viewsachievesmooth
integration of both local detail and global context by repositioning and resizing
nodes and edgesin the graph. However, even for graphs with a few hundred
nodes, the bene�ts of this approach are lost as the areasaway from the focus
becometoo congestedto comprehend.

The �sheye view idea is applied on a hierarchically clusteredgraph to obtain
a compound-�sheye view; seeFig. 3 (a-b). The compound-�sheye view makesit
possibleto extend the e�ectiv euseof the traditional �sheyeview to larger graphs.
Conceptually, the nodes in the compound-�sheye view of a clustered graph can
be obtained by taking the intersection of an inverted conewith the level-views
of the clustered graph; seeFig. 3(c). The coneis centered at the area of interest
in the original graph (at the deepest level in the multi-lev el view). The farther
away from the point of the cone, the coarser are the views that it intersects.
Thus, parts of the graph that are far away from the focus are represented using
clusters at higher levels in the cluster tree.

The compound-�sheye view allows the user to navigate it, modify it, and in-
teract with it. The underlying representation providesan adaptive view with the
look and feel of a normal graph. Interaction with the compound-�sheye view is

5



  fisheye
    view

compound

(a) (b) (c)

Fig. 3. Compound-�sheye view of a clusteredgraph: (a) A multi-level view of a clustered
graph with highlighted nodesthat make up the compound-�sheye view at the bottom; (b)
The compound-�sheye view is madeof clustersfrom three di�erent levelsof the hierarchy;
(c) Conceptualview: the intersection of the multi-level view with an inverted cone.

accomplishedthrough the cluster-expand and cluster-collapse operations.
Theseoperations correspond to zooming in and out with respect to the current
view. When a focus area is selected, the corresponding subgraph at the next
(higher or lower) level is depicted and the current view is updated.

Once the nodes in the current compound-�sheye view have been identi�ed,
the edgesconnecting them can be determined. Similar to the edgesin the level-
views, the edgesin a compound-�sheye view are easily de�ned: the edge(u; v) is
in the compound-�sheye view if there is an edgebetweena and b in G, wherea is
in the subtreeof u and b is in the subtreeof v. Unlike in level-views,the nodesin
the compound-�sheyeview aremadeof clustersfrom di�eren t levelsin the cluster
tree. This makes the edgecomputations more challenging, especially for large
graphs. While e�cien t data structures have been designedfor this problem [6,
7], a simple node and edgehashing schemeare employed in the implementation
of the protot ype system.

To ensure that the compound-�sheye view does not becometoo cluttered,
the parts of the view away from the focus are automatically collapsed. With
standard �sheye views, it is not di�cult to support more than one focus. This
idea generalizesto compound-�sheye views as well, although this functionalit y
has not yet beenimplemented.

4 Treemaps

Treemapsarea space-�lling graph visualization technique �rst intro ducedin [17].
An important feature of treemapsis that they make very e�cien t useof display
space.Thus it is possibleto display large treeswith many hierarchical levels in a
minimal amount of space.Fig. 4(a) shows a sampletree structure and Fig. 4(b)
shows the corresponding treemap. The algorithm used to partition the display
spaceis known as the \slice-and-dice algorithm" and functions like a k-d tree
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Fig. 4. A cluster tree (a) and its treemap representation(b).

spacepartition. The positioning of tree nodesin a treemap is a recursiveprocess.
First, the children of the root are placed acrossthe display area horizontally ,
where each node's area is directly proportional to its weight. Then, for each
node n already displayed, each of n's children is placed acrossvertically within
n's display area. This processis repeated, alternating between horizontal and
vertical placement until all nodeshave beendisplayed.

Treemapscan be especially helpful when dealing with large clusteredgraphs.
While the compound-�sheye view combines detailed local information and a
global context, treemaps lend themselves naturally to showing the information
encapsulated in the clustering tree. When viewing a graph at some level of
abstraction, the viewer is really looking at nodesbelonging to somelevel in the
cluster tree. A treemap can display the whole structure of a cluster tree, thus
allowing the user to place the current view in context.

In the standard treemap of Shneiderman[17] the nodes are represented as
rectanglesof various shapes.This makesa visual comparisonof their importance
(as determined by area) di�cult, especially as the rectangles vary in orienta-
tion as well. In squari�ed treemaps [5] the aspect ratio (the ratio between the
width and height of a rectangle) is taken into account when placing nodesin the
treemap. The resulting treemapscontains squarishelements, making it easierto
visually comparetheir areas.

Squari�ed treemaps with a modi�ed visual appearanceare implemented in
the protot ype of the compound-�sheye view visualization system. In traditional
treemaps, only the leaf nodes of a tree are displayed as rectangular areas.It is
often di�cult to determine the nesting depth of the treemap structure as can
be seenin Fig. 5(a). For the purposeof navigating the compound-�sheye view
it is important to show depth information about the clustering tree, so the �rst
step is to display the nesting information as shown in Fig. 5(b). In order to
make the nestedrepresentation easierto view, progressively thinner borders for
deeply nestedelements are used.The thicknessof the border around an element
is inverselyproportional to its level in the original tree. Thus, the root node has
the thickest border and the leaf nodes have the thinnest borders as shown in
Fig. 5(c).

7



(a) (b) (c)

Fig. 5. (a) A squari�ed treemap representationof a 25-node tree; (b) the sametree with
nestedrectangles;the sametree with frames.

5 Visualization technique

Our visualization technique provides two views: one of the compound-�sheye
view and another of the treemapde�ned on the cluster tree. On their own, neither
of theseapproachesis powerful enoughto represent and navigate a large graph.
The treemap algorithm applies only to trees, and while it could be applied to a
spanning tree of the graph, it doesnot show connectivity well. The compound-
�sheye view abstracts a great deal of the graph information, which can only be
recovered by recursive expansion of clusters. While showing connectivity and
local details well, it only shows an abstraction of the overall structure, making
navigational decisionsdi�cult.

Together, the compound-�sheye view of the graph and the treemap of the
cluster tree o�er a better approach to showing both local details and global con-
text. The combined view is shown in Fig. 6. One of the main shortcomingsof a
compound-�sheye view is that nodes that are clustered becomeinvisible in the
display and the viewer cannot deduce information about the structure under-
neath the cluster. By using a combined view displaying both the compound-
�sheye view and the treemap, information about the subtree rooted at the
cluster-node can be better conveyed. In Fig. 6, the red node (rightmost node)
has beenselectedby the user and its corresponding rectangle in the treemap is
highlighted in blue (top left). It is easy to seethat the selectedcluster-node is
at level 4 in the clustering tree, contains 3 children that are also leaves,and if
the userchoosesto expand the cluster-node it will be replacedby 3 nodesin the
current view.

When a user selectsa node by placing the mousepointer over it, it is high-
lighted along with all of its cluster tree siblings. This revealsthe branching factor
and permits the user to seethe set of nodes that will be collapsed,should he
chooseto collapsethe cluster (via a right mouse-click). During a collapseopera-
tion, the nodesbeing collapsedare highlighted in red, and whenever an expand
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Fig. 6. Compound-�sheye view and treemap: the red cluster-node (rightmost) has been
selectedand its corresponding representation(top left) is highlighted in the treemap.

operation is performed (via a left mouse-click), the cluster-node being expanded
is marked in green.Once a cluster has beenfully expanded,the resulting nodes
are the nodes from the original graph and are colored in black. If all clusters
are expanded,then the resulting graph is identical to the original graph and will
contain only black nodes.

6 Conclusion and Future Work

The technique described in this paper hasbeenimplemented in a Java protot ype.
Fig. 7 shows snapshotsof the exploration of the GD literature topic graph for
the years1994-2000,with 332 nodesand 1,338edges.In step 1 the cluster tree
root and its treemap are shown. In step 2 the root is expandedand one of the
cluster-nodeshas beenselected(highlighting its corresponding treemap region).
In step 3, the selectednode has been expanded and labeled leaves of the tree
appear in the view. For this example, the combined computation time needed
for the initial layout, clustering, treemap, and rendering take under 5 seconds.
Interaction with the compound-�sheye view is in real-time.

While the system can deal with larger graphs (with up to 10,000nodes) the
computation times are not nearly as good. Incorporating this protot ype into
a fully functional graph visualization system that can handle large graphs will
be a di�cult challenge, but one worth pursuing. E�cien t data structures and
algorithms, to support expand/collapseoperations will becomeimportant if one
requires real-time interaction with graphs with hundreds of thousandsof nodes.

The current systemusescluster-node positions that are set by the clustering
algorithm and are never modi�ed. A natural alternativ e is to apply a layout algo-
rithm to the compound-�sheye view and reapply it after an expand/collapseop-
eration is performed. Sincethe view changesas nodesare being added/removed
through expand and collapseoperations, the layout algorithm must preserve the
mental map betweenconsecutive layouts and make smooth transitions between
such layouts.
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Fig. 7. Interaction with the system:steps1, 2, and 3.
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