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ABSTRACT

In this paper, we introduce a new method, GraphScape, to visualize
multivariate networks, i.e., graphs with multivariate data associated
with their nodes. GraphScape adopts a landscape metaphor with
network structure displayed on a 2D plane and the surface height
in the third dimension represents node attribute. More than one
attribute can be visualized simultaneously by using multiple sur-
faces. In addition, GraphScape can be easily combined with exist-
ing methods to further increase the total number of attributes visu-
alized. One of the major goals of GraphScape is to reveal multi-
variate graph clustering, which is based on both network structure
and node attributes. This is achieved by a new layout algorithm
and an innovative way of constructing attribute surface, which also
allows visual clustering at different scales through interaction. A
simplified attribute surface model is also proposed to reduce com-
putation requirement when visualizing large networks. GraphScape
is applied to networks of three different size (20, 100, and 1500) to
demonstrate its effectiveness.

Keywords: Graph visualization, multivariate visualization.

Index Terms: H.5.2 [Information Interfaces And Presentation]:
User Interfaces—Theory and methods; I.3.6 [Computer Graphics]:
Methodology and Techniques—Interaction Techniques

1 INTRODUCTION

Many real-world networks are multivariate, i.e., they have attributes
associated with nodes and/or edges. In this paper, we focus on net-
works with node attributes only. Examples of such multivariate
networks are common in many application domains. For instance,
in a social network whose node represents person and edge repre-
sents relationship, there is usually information about each person
(such as name, age, and gender). Another example from molecu-
lar biology is protein-protein interaction network, whose nodes are
proteins and edges are reactions. Such networks often have rich
information about individual proteins such as name and function.

One of the common tasks in analyzing multivariate networks is
multivariate graph clustering, i.e., identifying clusters formed by
nodes with similar attributes which are not far from each other in
terms of graph distance. For instance, in social network analysis,
it is interesting to sociologists whether or not people with similar
characteristics (node attributes) are also connected to each other.
Molecular biologists are interested to know if proteins with similar
functions (node attributes) are related, i.e., connected in the protein-
protein interaction network.

Graph and multivariate visualization have been well studied in-
dividually in the literature. The work by Herman et al. [12] and
Wong and Bergeron [21] are excellent surveys on these two top-
ics, respectively. However, there is relatively less work available on
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multivariate network visualization, which is essential to tasks such
as multivariate graph clustering. Two approaches are commonly
used in existing methods. The first one is to map attributes to vi-
sual elements of a node. A simple example is to map one attribute
to node size and another to node color [10]. The second approach,
which is an extension of the first one, is to use glyph to represent
both node and its attributes. One such example is to use a rectangle
glyph to replace graph node while the length and width of a rectan-
gle represent two node attributes [4]. Interaction techniques, such
as “brushing” [5], can link nodes with their attributes dynamically.
However, with such approaches the network structure and its as-
sociated data are usually presented in separate views, and some of
them only visualize multivariate data on demand. Therefore, we do
not consider these approaches in this paper.

There are a few problems associated with existing approaches.
For the mapping approach, the visual elements used could inter-
fere each other. For example, when both node size and shape are
mapped to attributes, it is difficult to identify node shape when
the size is very small. Also, it is difficult to compare the value
of attributes represented by different visual elements such as color
and size. For the glyph approach, its visual complexity increases
quickly as the number of attributes grows. In addition, for large
networks, the relatively small size of a glyph makes it difficult to
read the information it encodes.

In this paper, we propose a new method called GraphScape for
multivariate network visualization. GraphScape adopts a landscape
metaphor: the network is placed on a 2D plane, and each attribute
is represented by a three dimensional surface, whose height indi-
cates its value. GraphScape is designed to assist multivariate graph
clustering, which is achieved by its layout algorithm and unique
attribute surface construction. These also allow multi-scale visual
clustering through interaction. More than one node attribute can be
visualized simultaneously, and it can also be easily coupled with
existing approaches to further increase the number of attributes vi-
sualized. A faster surface model is also proposed to visualize large
networks. GraphScape is applied to networks of different scales
(20, 100, and 1500) to demonstrate its capability of facilitating mul-
tivariate network analysis.

The remainder of the paper is organized as follows. Section 2
provides a brief overview of existing work on multivariate network
visualization and methods that employ a landscape metaphor. The
details of GraphScape are discussed in Section 3, including layout
algorithm and surface construction. The results of applying Graph-
Scape to various networks are presented in Section 4. Section 5
concludes the paper.

2 RELATED WORK

2.1 Multivariate Network Visualization
The HierNet [10] is one of the early adopters of the mapping ap-
proach: both the node color and size are used to present attributes.
For example, in an email network visualization, the size and color
of a node represent the email amount and staff position respectively.
The work by Becker et al. [4] is one of the early examples of the
glyph approach: the width and height of a rectangular node were
used to show the number of incoming and outgoing calls of some
major American cities. More recently, both approaches also ap-
peared in “Cytoscape” [16], which is designed for biological net-



Figure 1: Multiple networks

works. It allows users to customize the mapping between node at-
tributes and visual elements/glyphs.

The work by Saraiya et al. [15] evaluated the effectiveness of
existing multivariate network visualization approaches. Tested are
the four combinations of one of the two attribute visualizations:

• single attribute (such as node color);

• multiple attributes (glyph).

and one of the two views:

• single view (network structure only);

• multiple views (network structure and linked parallel coordi-
nates).

The evaluation used time-series data so that each node has a series
of attribute values, one for each time point. The results suggest that:

• showing one time point (attribute) at a time may lead to more
accurate and faster performance for tasks involving analysis
of a graph at a single time point, and comparisons between
graph nodes for two distinct time points.

• Using glyph may lead to faster performance for tasks involv-
ing searching for outlier nodes that show different behavior
than the rest of the graph vertices.

• Single views have advantages over multiple views on tasks
that require topological information while searching a graph.

• Multiple views are advantageous when analyzing complex be-
haviors for groups of vertices over time.

New approaches that have recently emerged include the work by
Dwyer et al. [8] that used multiple copies of the original network
to visualize node attributes, one copy for each attribute. Same node
is linked across copies if its attribute values change significantly
(Figure 1). The “PivotGraph” [19] provides an aggregated view of
a multivariate network. It aggregates nodes and edges that have the
same value for the selected attributes, and uses color and size to
represent such information (Figure 2).

2.2 Landscape Visualization
GraphScape uses a “landscape” metaphor: a graph is shown in a
2D plane and the height in the third dimension represents attribute
value. This metaphor has been previously used to visualize both
structural and non-structural data. “ThemeScapes” [20] used this
metaphor to provide a visualization of the summary of the text in
a digital library (Figure 3(a)). The elevation depicts the number of
documents related to a given topic, while other features such as val-
leys and peaks represent relationships among documents and their
sub-topics. However, the collection of documents does not have an

Figure 2: PivotGraph

explicit network structure. “Graph surfaces” [1] adopted a similar
metaphor to visualize graph attribute, but the graph is randomly laid
out and the topological structure was not shown (Figure 3(b)). Sim-
ilar approach is also used by Brandes and Willhalm [7] to visualize
bibliographic networks (Figure 3(c)). The node height represents its
importance in the bibliographic network, which is based on “eigen-
vector centrality” [6]. However, the network structure is not very
clear due to surface occlusion and only one attribute was visual-
ized. Another related work is the “GraphSplatting” [17], in which
the node attribute value is mapped to color instead of height (Fig-
ure 3(d)). The attribute used is “node density” (number of nodes in
a unit display area), which is not a node attribute and affected by
layout algorithm. Although the authors tried to visualize more than
one attribute by using both color and texture, it is difficult to further
extend it.

3 GRAPHSCAPE

Before the introduction of GraphScape, we provide a formal defini-
tion of multivariate network that will be used later in the discussion.
A multivariate network is a set

G = (N,E,A)

where

• N = {n1,n2, . . . ,nq} is a set of nodes;

• E = {(ni,n j) | ni,n j ∈ N, i 6= j} is a set of edges;

• A = {a1,a2, . . . ,ar} is a set of functions defined on (N,E) so
that ak : (N,E)→R,1≤ k≤ r. N and E refer to the node and
edge set respectively, because an attribute can be a function of
properties of other nodes and edges.

In this paper, we only consider undirected graphs, so (ni,n j) is
treated as an un-ordered pair. Directed graphs can be visualized
with GraphScape by ignoring their edge directions. Also, we only
consider continuous attribute function ak, which includes discrete
functions. Categorical values can be mapped to discrete values and
then visualized with GraphScape.

A drawing of a graph is a function Γ : N →Rn that maps each
node ni to a distinct point Γ(ni) and each edge (n j,nk) to a curve
with end points (Γ(n j),Γ(nk)) in n-dimensional space. For the pur-
pose of GraphScape, we only consider the case of two-dimensional
space and straight-line edge. Given the drawing Γ of a multivari-
ate network G = (N,E,A), its GraphScape representation is a set of
surfaces

S = {s1,s2, . . . ,sr}

where si (1 ≤ i ≤ r) is a continuous surface in three dimensional
space. Each surface si represents one attribute function ai. The
position of vertex v ∈ si is a function of graph layout Γ(G) and
node attribute function ai, i.e.,

γ(v) : (Γ(G),ai)→R3,v ∈ si,1≤ i≤ r



(a) ThemeScapes (b) Graph surfaces (c) Bibliographic network (d) GraphSplatting

Figure 3: Landscape-metaphor visualization

where γ(v) is the position of point v. Sections 3.1 and 3.2 discuss
the details of graph layout and surface construction algorithms re-
spectively.

3.1 Layout
The goal of the GraphScape layout algorithm is twofold:

• Achieve conventional graph drawing aesthetics such as reduc-
ing edge crossing numbers;

• Show the relationships between node attributes and network
structure (multivariate graph clustering).

There are two major challenges to achieve these goals:

• It is computationally very difficult to achieve both goals, given
that fulfilling one of the aesthetics is usually NP-complete.

• The two goals can be contradictory in some cases, i.e., a lay-
out that shows the node attributes similarity may not satisfy
some of the aesthetic criteria.

Due to these concerns, we decided to base the GraphScape lay-
out algorithm on a force-directed approach, which produces good
drawing, is reasonably fast, and can be modified to accommodate
new constraints—node attributes similarity in our case.

We chose the spring-electrical force model first proposed by
Eades [9]. In this model, edges are springs and nodes are elec-
trically charged particles that repel each other. Precisely, the force
on a node n is:

~F(n) = ∑
(n,ni)∈E

~f (n,ni)+ ∑
n j∈N,n j 6=n

~g(n,n j) (1)

where f (n,ni) and g(n,n j) are the spring force and electrical repul-
sion force respectively. The spring force f increases linearly with
the difference between the natural spring length l0 and the actual
distance between n and ni (|n− ni|), while the electrical force g
decreases quadratically as |n−ni| increases. Precisely,

~F(n) = ∑
(n,ni)∈E

k1 · (|n−ni|− l0) ·−→nin+ ∑
n j∈N,n j 6=n

k2
2

|n−n j|2
·−→n jn

(2)
where k1 and k2 are two constants that describe the amount of spring
and electrical force respectively.

To visually show the node attributes similarity, we decided to
place nodes with similar attributes close to each other. This is
achieved by introducing two modifications to the previous force
model. First, we modified the natural spring length to reflect node
attributes similarity. The intuition is that the more similar the two
node attributes are, the shorter the length. Precisely,

ln,ni
0 = lmin +(lmax− lmin) ·

d(n,ni)
dmax

(3)

where ln,ni
0 is the natural spring length between n and ni. lmin and

lmax are two pre-defined constants, and are the minimal and max-
imal natural spring length respectively. The main purpose of in-
troducing lmin and lmax is to avoid cases where two nodes are too
close to each other (very small lmin value) and very long edges (very
large lmax value). d(n,ni) is the node attributes difference, which is
defined as the following:

d(n,ni) =
√

∑
1≤ j≤r

(a j(n)−a j(ni))2 (4)

It provides a measurement of node attributes similarity. A large
value indicates different node attributes. dmax is the maximum node
attributes difference of the network. Therefore, the new spring force
between a pair of nodes n and ni is:

~f ′(n,ni) = k1 · (|n−ni|− ln,ni
0 ) ·−→nin

= k1 · (|n−ni|−
lmax− lmin

dmax
·d(n,ni)− lmin) ·−→nin (5)

Secondly, we modified the repulsion force between nodes according
to their node attributes difference, so that the more similar the two
nodes, the less the repulsion force, as follows,

~g′(n,ni) = (
d(n,ni)

dmax
+g0) ·~g(n,ni) (6)

where ~g(n,ni) is the original repulsion force and g0 is a small con-
stant to keep nodes with the same attributes apart. Therefore, the
new force model is:

~F(n) = ~f ′(n,ni)+~g′(n,ni)

= ∑
(n,ni)∈E

k1 · (|n−ni|−
lmax− lmin

dmax
·d(n,ni)− lmin) ·−→nin

+ ∑
n j∈N,n j 6=n

(
d(n,ni)

dmax
+g0) ·

k2
2

|n−n j|2
·−→n jn

= ∑
(n,ni)∈E

k1 · (|n−ni|−
lmax− lmin

dmax

·
√

∑
1≤m≤r

(am(n)−am(ni))2− lmin) ·−→nin

+ ∑
n j∈N,n j 6=n

(
1

dmax
·
√

∑
1≤m≤r

(am(n)−am(ni))2

+g0) ·
k2

2
|n−n j|2

·−→n jn (7)

The GraphScape layout algorithm based on Equation 7 is outlined
in Algorithm 1. The algorithm runs in O(|N|2) time (where |N| is



the size of N) if the electrical force between every pair of nodes is
computed explicitly in step 7. The running time can be reduced to
O(|N| log |N|) if using an improved approach (such as FADE [14])
that does not explicitly compute pairwise node forces. Similarly, it
takes O(|N|2) time to compute the exact value of dmax, because it
requires comparison of every possible pair of nodes in N. In Al-
gorithm 1, the value of dmax is updated during layout computation.
This makes it possible to achieve O(|N| log |N|) time complexity
when the improved approach is used. Therefore, the GraphScape
layout can be computed in O(|N| log |N|) time.

Algorithm 1: GraphScape Layout Algorithm

Input: Multivariate network G = (N,E,A)
Output: Layout Γ(G)
Assign random position Γ0(n) for every n ∈ N;1
dmax← 0;2
repeat3

for every n ∈ N do4
Compute the sum of spring force between n and its5
neighbor ni ((n,ni) ∈ E) according to the modified
natural spring length ln,ni

0 ;
if d(n,ni) > dmax then dmax← d(n,ni);6
Compute the sum of electrical repulsion force7
between n and any other node n j ∈ n according to
node attributes difference d(n,n j);
if d(n,n j) > dmax then dmax← d(n,n j);8
Change Γ(n) according to its forces;9

endfor10
until Γ(n) converges for every n ∈ N;11
return Γ(G)12

The introduced modifications of the force model tend to place
nodes with similar attributes closer. This addresses the second
goal of the GraphScape layout algorithm, while the original spring-
electrical force model addresses the first goal. The combined effect
is that the new layout algorithm can facilitate revealing clustering in
a network based on both topological structure and node attributes,
i.e., multivariate graph clustering. This effect is made clear when
the node attribute values are visualized with GraphScape surfaces.

3.2 Surface Construction
As previously mentioned, GraphScape consists of a set of three-
dimensional surfaces, one for each node attribute. The height of
vertices (to differentiate from the nodes in multivariate network) in
a surface is decided by node attributes. Therefore, we name them
attribute surfaces. A naive way to decide vertex height is to use the
attribute value of a node sharing the same x-y location. However,
this approach has two possible problems:

• This is essentially the same as approaches that use vertical
line glyph to represent attribute value in the third dimension;

• The height of the majority of the vertices, which do not have
a corresponding node, remains undecided.

The approach used in attribute surface construction aims to facili-
tate multivariate graph clustering. This is achieved by allowing the
attribute value of a node to affect the height of all the vertices near-
by. Therefore, the height of a vertex is the total contribution of the
attribute value of surrounding nodes. The height contribution of a
node decreases as its distance from the vertex increases. This helps
to reveal multivariate graph clustering, because nodes with similar
attribute and close in the network tend to form a “visual cluster”,
which is a part of attribute surface that has similar height but quite
different from its surroundings.

Formally, for an attribute ai ∈ A, the height (z-coordinate) of a
vertex v on its attribute surface si is:

vz = µ · ∑
n∈N

e(n,v) ·ai(n)
max(ai)

(8)

where vz is the z-coordinate of v, µ is the maximum surface height
specified by the user, max(ai) is the maximal value of attribute ai,
and function e(n,v) adjusts the contribution of ai(n) to vz according
to its distance from v. Precisely,

e(n,v) =


1
2
· (sin((

|n− v|
σ

+
1
2
) ·π)+1), |n− v| ≤ σ

0, |n− v|> σ

where |n−v| is the Euclidean distance between n and the projection
of v, i.e.,

|n− v|=
√

(Γ(n)x− vx)2 +(Γ(n)y− vy)2 (9)

where Γ(n)x and Γ(n)y are the x- and y-coordinate of the layout po-
sition of n. The sine function here is to provide a smooth height
interpolation (Figure 4). σ is a constant that specifies the radius
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Figure 4: The e(n,v) f unction

of node attribute contribution. A small σ value means the attribute
value of a node contributes to the height of vertices in a small sur-
rounding area, and vice versa. Changing the value of σ has a signif-
icant impact on the results of GraphScape. A small radius empha-
sizes the attribute value of an individual node, which is similar to
vertical line glyph; a large radius reveals the overall node attribute
distribution, which helps multivariate graph clustering. An exam-
ple is shown in Figure 5. The same multivariate network is used in
both Figure 5(a) and 5(b) where the only difference is the contribu-
tion radius. The attribute value of an individual node is clear with
small σ value in Figure 5(a), whereas the overall attributes value
distribution (high in the middle and right, low on the left) and mul-
tivariate graph clustering (nodes on the right have similar attributes
value and are also close to each in terms of graph distance) are more
obvious with large σ value in Figure 5(b).

During GraphScape design, we found it essential to make at-
tribute surfaces transparent, otherwise it is difficult to perceive the
underlying networks. Also, we decided to reduce the transparency
as height increases for the following reasons:

• It highlights the part of attribute surface with high value with
more opacity;

• The part of attribute surface with zero value is completely
transparent, which reduces visual complexity.

Precisely, for any vertex v ∈ si, its transparency value α is:

α = 1− vx

max(vx)
(10)



(a) Small contribution radius (b) Large contribution radius (c) Constant transparency (d) Transparency decreasing with
height

Figure 5: Visual parameters of attribute surface

where max(vx) is the maximal value of vx among all the vertices
in surface si. Here a α value of 1 means completely transparent,
whereas a value of 0 means completely opaque. Figure 5 shows a
comparison between attribute surfaces with different transparency
schemes. It is easy to see that for the attribute surface with con-
stant transparency (Figure 5(c)), it is more difficult to perceive the
surface height, visually more complex, and the underlying network
is less clear. This makes our proposed model (Figure 5(d)) a better
choice.

Each attribute surface is constructed as a 3D grid mesh, and has
O(|N|2) polygons to guarantee a smooth surface. As the network
size increases, the larger number of polygons can become expen-
sive to compute, which will result in a slow-down in interaction
response time. GraphScape adopted two approaches to address this
problem. The first one is to reduce the number of surface poly-
gons by reducing the number of vertices in the attribute surface.
An example is shown in Figure 6. The surface resolution can be
easily changed through the user interface, or adjusted dynamically
by GraphScape. The second approach is to replace the 3D-mesh
surface model with a simpler one. We propose a surface model
based on Delaunay triangulation: a 2D Delaunay triangulation is
performed on the nodes of the multivariate network, then this trian-
gulation is mapped to a 3D polygonal surface whose vertex has the
z-coordinate computed by the following formula:

vz = µ · ai(n)
max(ai)

(11)

This essentially provides a linear interpolation between neighbor-
ing vertices height, which is considerably different from the previ-
ous attribute surface model, and so are the resulting visualizations.
To make the two surface models as consistent as possible, we add
vertices around a node evenly at the distance of contribution ra-
dius σ . The number of points added per node is a constant c, and
the height of these added vertices are computed according to Equa-
tion 8. An example of a triangulated surface is shown in Figure
6(d), whose appearance resembles its smooth-surface counterpart
(Figure 6(c)). The surface triangulation is done with Fortune’s al-
gorithm [11], which runs in O(|N| log |N|) time. More importantly,
this approach guarantees that the total number of polygons in an
attribute surface is O(|N|), because the number of polygons results
from Delaunay triangulation is O(|N|) and the number of polygons
added at each vertex is a constant.

In theory, GraphScape can visualize arbitrary large number of
node attributes by using one surface for each. However, this is dif-
ficult to achieve in practice due to problems such as surface oc-
clusion. The problems can be alleviated by using different surface
color and/or texture. The details are discussed in the next section
along with applying GraphScape to various multivariate networks.
Note that it is always possible to combine GraphScape with exist-

ing approaches, such as the mapping approach, to further increase
the number of attributes it can handle.

4 APPLICATION

We applied GraphScape to multivariate networks of three different
sizes, namely with 20, 100, and 1500 nodes. These three datasets
are social network, synthetic scale-free network, and biological net-
work respectively. We compared GraphScape with the mapping
and glyph approach for each dataset except the first one. Due to its
small size, we only use the first dataset as an example to demon-
strate GraphScape visualization with more than one attribute.

4.1 Small: Social Network
This network is available from the social network analysis book by
Wasserman and Faust [18]. The dataset is a collection of graphs
commonly known as the “Padgett’s Florentine families” networks.
The particular one we chose describes the marital relations among
16 most prominent Florentine families in the 15th century. Each
family is a node and two families are connected if there is a mar-
riage between them. The two included attributes are “wealth”,
which is measured in thousands of lira and indicates economic
power, and ”priorates”, which is the number of seats held in the
civil council and indicates political power.

The GraphScape visualization of the dataset is shown in Figure
9. The “wealth” is represented as the red surface while the “prio-
rates” is represented as the blue wire-framed surface. An interest-
ing finding that can be drawn from the visualization is that powerful
families are most connected in terms of marital relationship. This
is shown by the fact that families in the middle—which are more
connected—on average have much higher “wealth” and “priorates”
values compared to the families in the periphery. This is an exam-
ple of multivariate graph clustering according to network structure
and node attributes. It is interesting to know that there was a big
political battle between the “Medicis” and “Strozzis” families, who
have the largest “wealth” and “priorates” values respectively, for
the control of government. Otherwise, a clearer clustering could be
expected.

This is an example of GraphScape with two attributes. During
visualization, we found it worked best when both different surface
color and texture were applied to differentiate attributes. While it is
possible to use only different color or texture, the results were less
ideal. It would be interesting to see if GraphScape can handle even
more attributes in a similar way, but the lack of alternative surface
textures in current GraphScape implementation prevents us from
doing so. This will be done once extra textures are available.

4.2 Medium: Synthetic Scale-Free Network
For a medium-sized network, we chose to test GraphScape with
scale-free networks [3]. The main property of such networks is that



(a) Low resolution (b) High resolution (c) Smooth surface (d) Triangulated surface

Figure 6: Reducing attribute surface polygon number

their node degree distribution follows a “power law”, i.e., the num-
ber of nodes with degree k is roughly proportional to k−λ , where
λ is a constant. It is found that many real-world networks, rang-
ing from social networks, biological networks, to WWW, are all
scale free [3]. The one we used is created by the scale-free network
generator available in GEOMI [2]. It follows the “preferential at-
tachment” model [3]: when added to the network, the probability
of node n connecting to existing node n′ depends on the degree of
n′; the higher the degree, the more likely the connection. The gen-
erated network has 101 nodes and 153 edges, and we decided to
visualize node degree attribute, because it is an important feature
for scale-free network.

First, we compared GraphScape with two alternatives. We chose
node size for the mapping approach, and vertical line for the glyph
approach. The results are shown in Figure 7. Due to the power-
law distribution of node degree, there are always a few nodes in the
scale-free network that have very high degree. This can be seen
clearly from all three visualizations. Another property of scale-
free networks is that their diameter is usually small [3]; this is also
clearly demonstrated in all three visualizations. Based on these re-
sults, we argue that given a medium size network and one attribute,
GraphScape is at least as good as the two alternatives.

Secondly, we demonstrate the effects of changing the contribu-
tion radius σ . The value of σ is set to small, medium, and large in
Figure 8(a), 8(b), and 8(c) respectively. The results demonstrate
the “multi-scale clustering” ability of GraphScape: when the σ

value is small, many small clusters appear in the network; as σ

increases, nodes (small clusters) are grouped into clusters (larger
clusters) based on node attributes similarity. This capability pro-
vides the possibility of “multi-scale” multivariate graph clustering,
which is unique to GraphScape.

Thirdly, we demonstrate combining GraphScape with existing
approach and the effect of the new layout algorithm. For the former,
we chose to combine with node size mapping, and both represent
node degree. The result is shown in Figure 10(a). It is clear that
there is interface between the two, and they can be used to comple-
ment each other.

For the latter, we show the GraphScape without the new layout,
and the result is presented in Figure 10(b). This visualization has
the same parameters (such as contribute radius) as the one in Figure
10(a), except its layout is produce by standard spring algorithm.
The resulting GraphScape has more clusters, because they are not
grouped as what the new algorithm does. In addition, the clusters
are closer to each other, because it lacks the repulsion force that
changes according to node attributes similarity.

4.3 Large: Biological Network
The third multivariate network we tested with GraphScape is a bi-
ological network published in the work by Jeong et al. [13]. This
is a protein-protein interaction, i.e., each node is a protein and two
proteins are connected if there exists an interaction between them.
This a large network with 1458 nodes and 1948 edges. Among the

various attributes associated with proteins, we chose to visualize
the degree of protein node, because it is found that in yeast there
is a high correlation between node degree and lethality, i.e., a pro-
tein with high degree (large number of protein-protein interactions)
is three times more likely to be lethal (yeast will die if the protein
is removed) than those with low degree [13]. Similar to previous
tests, the GraphScape is compared against two alternatives: using
node size and vertical line to represent node attribute. The results
are shown in Figure 11.

It is easy to see that as the network size grows large, it is in-
creasingly difficult to visualize attributes using node size, because
their relatively small size makes them difficult to identify and com-
pare (Figure 11(a)). Using vertical line has similar problems. The
relative small size of the vertical lines make them difficult to iden-
tify. The problem is made worse by the existence of large number
of edges, which makes it even harder to differentiate between them
and the vertical lines due to overlapping (Figure 11(b)). The Graph-
Scape does not have this problem. It clearly shows the distribution
of the attribute value over the network, and highlights the part with
large attribute value. It is arguably the most effective of the three
methods.

5 CONCLUSIONS

In this paper, we propose a new method, GraphScape, for multivari-
ate network visualization. Its layout algorithm and unique surface
construction allow it to effectively support multivariate graph clus-
tering. By changing the contribution radius, GraphScape can also
visualize clustering at different scales. A faster surface model with
O(|N|) polygons is also proposed to reduce interaction response
time when visualizing large networks. GraphScape was compared
with two alternatives with networks of three different sizes, and it
showed a clear advantage over the two other methods when the net-
work size is large.
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Figure 9: Padgett’s Florentine families with “wealth” and “priorates”

(a) GraphScape with node size mapping

(b) Without GraphScape layout

Figure 10: Combination with existing approach and the effect of new
layout algorithm

(a) Node size

(b) Vertical line

(c) GraphScape

Figure 11: Protein-protein interaction network with 1458 nodes and
1948 edges.


