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Figure 1: A summary graph (middle) constructed from four graphs of molecules; colors indicate which input graphs contain a given feature
with gray indicating the feature is common to all graphs.
A BSTRACT
Graphs can be used to represent a variety of information, from
molecular structures to biological pathways to computational workflows. With a growing volume of data represented as graphs, the
problem of understanding and analyzing the variations in a collection of graphs is of increasing importance. We present an algorithm
to compute a single summary graph that efficiently encodes an entire collection of graphs by finding and merging similar nodes and
edges. Instead of only merging nodes and edges that are exactly
the same, we use domain-specific comparison functions to collapse
similar nodes and edges which allows us to generate more compact
representations of the collection. In addition, we have developed
methods that allow users to interactively control the display of these
summary graphs. These interactions include the ability to highlight individual graphs in the summary, control the succinctness of
the summary, and explicitly define when specific nodes should or
should not be merged. We show that our approach to generating
and interacting with graph summaries leads to a better understanding of a graph collection by allowing users to more easily identify
common substructures and key differences between graphs.
1

I NTRODUCTION

Graphs provide a natural structure to represent a wide array of data
including molecular structures, social networks, biological pathways, and computational workflows. The ability to analyze and
visualize these graphs is essential to gain insight into the data and
relationships represented. In many applications, users need to interact with collections of related graphs—graphs that while different
share similar overall structure or have common substructures. In
exploring such collections, one important task is to identify the sim∗ e-mail:{dkoop,juliana,csilva}@poly.edu

ilarities and differences between the graphs. For example, a medicinal chemist may be interested in comparing a set of molecules with
similar properties to determine where specific drugs differ [44], or
a visualization expert, given a series of pipelines for producing a
given type visualization, may be interested in different strategies
(or techniques) used. Such questions are difficult to answer when
graphs are visualized independently, and this baseline approach
does not scale well. We introduce summary graph visualization to
display a collection of related graphs in a single, interactive view.
While there has been work on visual representations that support
graph comparison, they have tended to focus on pairs of graphs
where the correspondences are given [21, 4]. In addition, much of
this work has been domain-specific (e.g., workflows [22], provenance traces [6], or dependency graphs [8]). Our approach generalizes this idea to create a visualization of more than two graphs in
a single view. A summary graph visualization is a single graph that
represents data and structure from all of its input graphs.
One of the challenges in composing a collection of graphs into a
single visualization is that there is no known computationally efficient method for comparing them. Testing whether one graph
is an exact subgraph of another (subgraph isomorphism) is NPComplete [27], and relaxing constraints to allow for greater freedom (e.g., by allowing nodes that belong to the same class to match)
complicates things further. However, in many cases, there is significant overlap among related graphs in a collection, and aligning
similar substructures is less daunting than the general problem. We
discuss methods that are effective at matching nodes and preserving
common substructures.
We propose an algorithm that makes use of these methods to
build a summary graph using hierarchical agglomeration, where intermediate summary graphs are constructed recursively from pairwise matchings. The final summary consists of a graph where each
node (edge) represents at most one node (edge) from each of the
input graphs. Using color, lightness, and edge thickness, we can
display relative frequencies of common features and highlight specific differences. We note that the proposed algorithms and tools

were designed to handle collections of (relatively) small graphs that
are related. To use our approach for more diverse collections, it is
best to pre-process the collection to cluster the graphs into subcollections, and then create a summary for each subcollection.
In addition, we propose tools for interactively exploring and manipulating the summary graph visualization. In a summary graph,
there are tradeoffs between matching equivalent nodes and preserving structures. Thus, there are situations where a user may wish
to modify the visualization to emphasize similar structures even if
merged nodes are not as well related. We provide break and join
operations to allow users to make such modifications. In addition,
users can control the amount of summarization and examine specific relationships between a subset of the input graphs.
In this paper, we define summary graphs, show how they can
be constructed and visualized, and present use cases and studies
of their effectiveness. We begin by reviewing related work, then
define a summary graph and give an overview of the technique in
Section 3. In Section 4, we present algorithms to construct pairwise
graph matchings, and in Section 5, we detail how to construct a
summary graph from a graph collection. Next, we describe the display of summaries and how users can manipulate them (Section 6).
In Section 7, we discuss specific applications, and then detail results of a user study in Section 8. We conclude with a discussion of
future work in Section 9.
2

R ELATED W ORK

There has been substantial work in the area of graph visualization,
including layout algorithms, methods for visualizing large graphs,
and techniques for interacting with them [31, 47]. In addition, there
has been work on visualizing multiple trees and layout algorithms
for multiple or evolving graphs. Our work focuses on the interactive
visualization of a collection of graphs as a single graph where the
relationships between the input graphs are not given.
While general graph collections have seen less study, there has
been some significant work on visualizing collections of trees. Furnas and Zacks suggested Multitrees as a way to integrate sets of
hierarchical information [24], and the InfoVis 2003 Contest generated significant work in tree comparison [39]. Much of it was rooted
in work done for consensus trees used for phylogenies in the biological community [1]. Munzer et al.’s TreeJuxtaposer tackled the
problem of comparing large trees using focus+context and visibility criteria [38]. Graham and Kennedy used directed acyclic graphs
to agglomerate multiple trees [28] and also provide a comprehensive survey of work on in the area of visualizing multiple trees [29].
Recently, Bremm et al. introduced a visual approach for analyzing multiple hierarchies instead of the normal pairwise approaches,
using linked hierarchy views [12].
Another related area is graph summarization and interaction
techniques which focus on helping users analyze single graphs that
do not naturally fit in reasonably-sized views. These demand some
aggregation to allow scalable analysis [20]. Such graphs can be
clustered or summarized with regions collapsed into smaller entities (e.g., [19]). Other approaches have used topology [3] and interaction [25] to better navigate graphs. In addition, edges can be
bundled to help users better show connectivity when graphs have
large numbers of edges [33] . Level-of-detail can be used to more
efficiently navigate large graphs [5]. There are also techniques for
multivariate graphs that focus on relationships between nodes [49].
While our focus is on combining a collection of graphs into a single visualization, graph summarization could certainly be used to
display the final summary graph, especially if that result is large.
For graph collections, previous work has examined the differences between graphs, layouts of related graphs, and the evolution
of a graph. Archambault used difference maps in the context of
dynamic graphs and grouped changes in hierarchies to reduce clutter [2], also showing that such maps help users better analyze differences between graphs [4]. Erten et al. describe three approaches

for simultaneously visualizing a series of graphs with known correspondences [21]. Diehl and Görg used a foresighted layout to address offline dynamic graph drawing [18], and Beck et al. have investigated the aesthetics of dynamic graph visualization [7]. Other
work has addressed “matched graphs” where correspondences are
shown through the positioning of nodes [17] and simultaneous embeddings of planar graphs [9]. For large numbers of graphs, there
are techniques that summarize the information in the graphs by
finding features of graphs to present visually [23, 46, 11].
There has also been work to address similar problems in specific
domains. The visualization of software evolution has also produced
significant results including techniques for comparing dependency
graphs [8], finding code differences across multiple versions using syntax trees [15], and locating areas of change over time [16].
Other work includes methods to highlight differences between two
provenance graphs [6] and metabolic networks [10].
Summary graphs are constructed by aligning pairs of graphs such
that substructures are preserved and related nodes are merged. Our
algorithm is based on the similarity flooding work by Melnik et
al. [37] and the analogy matching from Scheidegger et al. [42].
The formulation of the cost of a matching is based on Riesen and
Bunke’s approximation for graph edit distance [40]. Zeng et al. use
a similar formulation for graph searching [51], and Heymans and
Singh use another variant to compare metabolic pathways to generate phylogenetic trees [32]. There are also techniques for calculating node similarity (e.g., [36, 43]) which seek to identify equivalent
nodes rather than our goal of aligning entire graphs.
3 D EFINITIONS & OVERVIEW
A graph G = (V, E) is a set of nodes V and set of edges E where
each edge e = (v1 , v2 ) ∈ E connects two nodes v1 , v2 ∈ V . A labeled
graph is a graph plus labeling functions for nodes, LV : V → L, and
edges, LE : E → L, where L is a finite set of labels. Many graphs
that are analyzed are labeled graphs. For example, a molecule can
be represented as a graph where the nodes are atoms, and each atom
can be labeled with its element, distinguishing molecules that might
have the same structure. With labels, we can better compare nodes
and edges from different graphs, allowing a more concise representation of a collection of graphs.
A summary graph of a collection of graphs is a single graph
where each node (edge) represents at most one node (edge) from
each of the graphs it summarizes. Thus, a node (edge) in the summary graph can be considered as a tuple of nodes (edges). For example, in the summary graph of four molecules shown in Figure 1,
the “N–C” (nitrogen/carbon) node at the bottom represents an “N”
node in the green molecule, and a “C” node in each of the blue, yellow, and red molecules. With related graphs, it is possible to have a
large overlap, meaning each node or edge will correspond to many
graphs in the collection. Thus, a summary graph can concisely express information about a set of graphs.
Formally, given a collection of graphs {G1 = (V1 , E1 ), . . . , Gn =
(Vn , En )}, a summary graph G = (V , E ) is a graph where there
exists a surjective map M : ∪i∈[1,n]Vi → V such that
• For each e = (v1 , v2 ) ∈ Ei , there exists an edge e∗ = (v∗1 , v∗2 ) ∈
E such that M(v1 ) = v∗1 and M(v2 ) = v∗2 .
• For each (v∗1 , v∗2 ) ∈ E , there exists some graph Gi with v1 , v2 ∈
Vi such that M(v1 ) = v∗1 , M(v2 ) = v∗2 , and (v1 , v2 ) ∈ Ei .
• For v1 ∈ Vi , v2 ∈ V j , M(v1 ) = M(v2 ) implies i 6= j.
Then, a node v∗ ∈ V represents a tuple (vk1 , . . . , vkn ) where vk` is a
node in Gk` . Edges in the summary graph also correspond to tuples,
but note that the connectivity defined in each input graph must be
maintained in the summary graph.
To construct a summary of a collection of graphs, we need to
identify which substructures are shared between input graphs and
which differ. With two graphs, this is a problem of graph matching,
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Figure 2: A comparison of graph-matching algorithms run on a pair of graphs (a); mismatched nodes and edges in (b) and (c) are highlighted.
A node-only matching (b) errs because it cannot differentiate between similar pairs of nodes (e.g., the Bob/Robert nodes). A matching that
considers neighborhoods improves the result (c), but can still have issues when neighborhoods are similar (e.g., the Cynthia/Cindy nodes).
Similarity Flooding takes global structure into account, leading to an even better result (d).
finding a mapping between the nodes of the graphs that also induces
matches between edges. A good matching pairs related nodes and
edges while also keeping the total number of unpaired nodes and
edges low. Such a matching can be used to construct a summary
graph for two graphs: each matched pair of nodes (edges) and each
unpaired node (edge) become a node (edge) in the summary graph.
For larger collections, we can iterate, computing summary graphs
of summary graphs. Thus, we will use hierarchical agglomeration
to construct a single summary graph from a collection of graphs.
In the following sections, we describe how graph matchings are
constructed, how pairwise graph matchings can be used to create
a single summary graph, and how users can explore and edit an
summary graph to better understand a collection of graphs.
4 G RAPH M ATCHING
In order to build a single summary graph from a collection of labeled graphs, we need a method for merging graphs, and this depends on being able to match these graphs. The easiest case is
pairwise graph matching, defining a relation between two graphs.
Determining how graphs should be aligned depends on the desired
type of matching. In an exact matching, as seen in graph theory, two
graphs only match if there is a bijective mapping between nodes
that also induces a matching between all edges so that the labels on
matched nodes and edges are equal. In our approach, we are interested in inexact matchings where merged nodes may have different
yet compatible labels or neighborhoods. For example, in chemistry,
it is known that sodium and potassium appear in the same group in
the periodic table and function similarly. There may also be cases
where nodes appear in similar contexts and even if they are different, we may wish to match them to reduce the number of nodes.
Similarity between graphs can be defined in many ways, and in
this work, we choose graph edit distance with user-defined cost
functions. There are other definitions including, for example, the
correspondence measure of trees discussed in [15]. However, computing the minimal graph edit distance can be slow and approximations do not necessarily produce meaningful matchings. Similarity
flooding uses a Markov chain on a product of two graphs to diffuse
similarities using connectivity information [37]. To generate both
reasonable and flexible solutions for graph matchings, we use a solution of the assignment problem on a matrix composed of node
edit costs.
4.1 Computing Graph Similarity
A graph matching for two graphs G1 and G2 is any map h : V1 → V2 .
For simplicity, we will assume that matched nodes induce edge correspondences, but this could be changed to allow multi-edges if one
wishes to also capture edge differences. Note that this definition allows a wide variety of matchings, ranging from an empty map to
a full isomorphism. For these reasons, the quality of a matching is
important, and we require a measure in order to compare matchings.
One measure of similarity, graph edit distance, is defined by the
costs of edit operations that transform one graph to another. The
possible edits, defined for both nodes and edges, are divided into

three categories: substitutions, additions, and deletions. Each edit
has an associated cost with the idea being that substituting a similar
node n1 for a node n2 should cost less than deleting n2 and adding
n1 . For two graphs, their graph edit distance is the minimal sum
of these costs over all valid sequences of edits. Then, the cost of a
particular matching is the sum of the costs of the edits the matching
induces. Specifically, mapped nodes are substitutions, unmapped
nodes in V1 are deletions, and unmapped nodes in V2 are additions.
A graph matching is optimal if has minimum cost.
4.2 Finding Graph Matchings
Finding a matching which induces the minimal graph edit cost is
NP-Hard so an efficient solution for it is unlikely [51]. For small
graphs, we might exhaustively check all possible matchings for one
with minimal cost, but this will be very slow and quickly becomes
infeasible. The complication here is that we wish to preserve both
node similarity and connectivity. Thus, a good pairing of two nodes
(a low cost node substitution) may induce poor pairings of edges
(high cost edge additions and deletions). However, examining only
the node costs (as if edge changes cost nothing) provides a starting
heuristic for matching graphs, and adding information about the
similarity of the neighborhoods of nodes allows us to improve these
heuristics. We embed this into node costs because we can find the
optimal solution for minimizing node costs in polynomial time.
Recall that edit distance defines costs for adding, deleting, and
substituting nodes; each node must be associated with one and
only one of these three operations—it cannot, for example, be both
deleted and substituted for. We can write these costs in a matrix
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where the upper-left block contains all substitution costs (si j ), the
lower-left and upper-right blocks contain add/delete costs (ak and
d` ), and the lower-right block is free. This matrix is designed so any
valid sequence of edit operations corresponds to a selection of one
entry from every row and one entry from every column [40]. We
wish to find the sequence that minimizes the cost. Such constraints
correspond exactly to the assignment problem [14], which has a
polynomial-time solution via the Hungarian algorithm [35].
This provides a heuristic for computing a graph matching based
solely on the node similarities, totally ignoring connectivity. While
this solution may be efficient, it also produces poor matchings much
of the time. Figure 2b shows an example where only node similarity was used to match the graphs, leading to a matching that is
difficult to analyze. There are two possible avenues to leverage this

heuristic: either use it to guide a search algorithm or try to encode
connectivity information into the matrix.
Finding Low-Cost Matchings. Our goal is to find a matching with
low cost. There are a number of search algorithms that serve to
explore the space of all possible matchings. One of the most wellknown search algorithms is A∗ which is a best-first search strategy
that uses estimates of costs to guide exploration to an optimal solution [30]. Beam search uses similar estimates but unlike A∗ , it
is a breadth-first search; at each step, each potential solution is extended by adding one new node substitution and calculating the cost
of each new partial solution (both the known cost based on the edit
distance costs and the remaining cost estimated from the node-only
heuristic described above). Then, only the k partial solutions with
the least cost are kept; the rest are discarded. At the end, we will
have the lowest-cost solution among those that were not pruned, but
note that because our node-based heuristic underestimates costs, it
is possible that an optimal solution was pruned.
Using Neighborhood Information. We can also improve matchings by encoding connectivity and neighborhood information into
the matrix our heuristic algorithm uses. Riesen et al. propose encoding the best case edge substitution, deletion, and addition costs
into the node costs [40]. For example, a substitution v1 → v2 means
that our best case scenario is that all edges connecting to v1 will
match those edges connecting to v2 at minimal cost. We can calculate the cost of this scenario by adding the costs of these substitutions to the costs of adding or deleting the remaining edges. This
could also be extended to include matching the nodes on the other
side of the edge. Figure 2c shows the result of including neighbor
information in the heuristic; note that it still produces a sub-optimal
solution because it only considers the immediate neighborhood.
Similarity Flooding. In order to better globally align graphs, we
need to include more information about the full neighborhoods of
each node into substitution costs. Similarity flooding [37] is an iterative process that propagates individual similarities between pairs
of nodes across the entire graph. It works by using a direct product
graph whose nodes are the possible pairs of nodes from the input
graphs and whose edges indicate positive correlations between pairs
of nodes. Unlike a Cartesian product graph, a direct product graph
only includes an edge when both input graphs contain it.
The algorithm works by, at each step, calculating a new cost for
each node in the product graph G based on its current cost and the
costs of its neighbors. In this way, the cost of a given product node
can eventually influence all of the other nodes it could be aligned
with (some nodes will be incompatible). More formally, if we let
πk be the normalized vector of product node costs at the kth step,
A(G) be the adjacency matrix of the product graph, and c(G) be the
initial costs expanded as a vector, we can write the iteration as:
πk+1 = αA(G)πk + (1 − α)c(G)
where α is a parameter that controls the balance between diffusion
and the initial costs [42]. This corresponds to the power method for
eigenvector computation, and thus, this process will converge to π∞
which can then be used as our improved node substitution costs.
With this solution, we can proceed to obtain a matching via the
Hungarian algorithm as before. Because of the diffusion, the new
matrix contains scores that better incorporate connectivity information. Figure 2d shows that this approach allows us to compute a better match than a node-only or neighborhood-based matching. Our
tool allows the use of both beam search and similarity flooding to
compute pairwise matchings.
5

S UMMARY G RAPH C ONSTRUCTION

A summary graph of two graphs is generated from a graph matching
in a straightforward manner. If nodes are matched, we create a new
compound node; if not, we create individual nodes representing the
unmatched nodes. More formally, given a graph matching h : V →
V 0 for graphs G1 , G2 , we can create a summary graph G by defining
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Figure 3: A summary of eight graphs representing visualization
workflows generated by different students for a specific homework
problem. A single student’s work is highlighted in the context of
the summary allowing it to be compared with the others as a whole.
the surjective map M : V1 ∪V2 → V as


(v, h(v)) v ∈ V1 and v is in the domain of h
M(v) = v
v ∈ V1 when v is not in the domain of h

v
v ∈ V2 and v is not in the range of h
Solutions to the assignment problem become NP-Hard in dimensions higher than two [14]. Thus, extending graph matching
approaches to compute the best matching for n graphs becomes impractical. Instead, we use hierarchical agglomeration to build the
summary graph using a series of pairwise matchings. At each step,
we combine two graphs by computing their matching and build a
summary graph according to that matching. Recall that hierarchical clustering requires similarities for each pair of graphs. Because
computing matchings for all pairs is inefficient, we use heuristics
based on feature vectors constructed from the node labels to order the agglomeration. From this ordering, we compute all matchings in the hierarchy to construct a summary graph. Note that each
individual graph is recognizable in the final summary graph (see
Figure 3). For more diverse graph collections, creating a single
summary graph may be undesirable because the graphs are too dissimilar. In such cases, we can use clustering to identify similar
subcollections and build multiple summary graphs.
Each step of the construction is very similar to the two-graph
construction, but higher levels require extensions to the cost functions. Specifically, we must determine the cost of substituting,
deleting, or adding a compound node. Given two compound nodes
vi and v j where vi = (vi1 , . . . vim ), v j = (v j1 , . . . v jn ), and m need not
equal n, we wish to define their substitution cost in terms of the
costs of the simple nodes {vik } and {v j` }. Like the simple cost
functions, we allow this computation to be domain-specific; for example, in chemistry a merged atom that already differentiates two
molecules might be more likely to be merged with a third type of
atom. By default, an overall average seems to give reasonable results as we are effectively determining the similarity of two sets
of nodes, but the minimum cost might also be used. With these
cost functions, we can compute the overall cost of a matching for
each pair of graphs, regardless of whether they are already summary
graphs.
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Figure 4: A piece of a molecular summary graph that shows how users can leverage edit operations to transform one summary into another
via two break operations, (a) to (b), followed by two join operations, (b) to (c).
We can generate an order of node merges for each match based
on their costs. We can make this ordering global by integrating the
orders at each level. Because we only have costs based on the agglomeration tree, our ordering both depends on the order of merges
as well as the individual costs. For example, we cannot place a
merge of two compound nodes ahead of the merges of their underlying simple nodes. Thus, the global ordering is defined such that
a merge m1 is ordered before m2 if m2 depends on merge m1 or m1
has a higher cost than m2 . Later, we discuss how this ordering can
be used when interacting with a summary graph.
6

D ISPLAY

AND I NTERACTION

A summary graph could be statically displayed as a normal labeled
graph, but doing so would limit the amount of information a user
could find. Instead, we wish to allow users to manipulate and explore the summary graph to discover similarities and differences.
From colors to node labels to edge thickness, we seek to encode
common information as well as unique features of the input graphs.
In addition, we allow a user to explore relationships between subsets of input graphs as well as control the amount of summarization
displayed. Finally, because there can be more than one effective
summary graph for a set of input graphs (see Figure 7), we allow
users to edit summary graphs via break and join operations.
Layout and Display. We use the dot and neato algorithms from
the graphviz library [26] to layout directed and undirected graphs,
respectively. These algorithms support some methods to guide layouts with position information so we can layout a summary graph in
a similar way to one of the input graphs if desired. In addition, we
can support modifications of the layouts as users change the amount
of summarization shown or edit the summary by breaking or joining nodes. While these algorithms do not totally support dynamic
graph layouts, we can preserve some structure as the graph changes,
and we also use animation to help users follow the changes.
Recall that a node of a summary graph represents nodes from
one or more input graphs. Because these input nodes may share
the same label, we show each distinct label only once to reduce
clutter. Labels are uniformly distributed in order to better show
differences. We use color to show which graph(s) a given label
belongs to; colors are also uniformly distributed behind the label.
However, when a label is shared between many graphs, the number
of colors can be distracting. In such cases, the node may be colored
gray with its lightness representing the number of input nodes that
share the label. Similarly, a summary edge encodes an edge from
one or more input graphs. For edges, we use thickness or opacity to
indicate how many graphs an edge appears in.
When there exist domain-specific techniques for visualizing a
specific type of graph, it may be possible to extend that technique to
display a summary. For example, a summary of molecules could be
displayed using a ball-and-stick approach where balls have various
colors according to which input graphs they represent. However,
a summary graph could violate some constraints of the technique.
For example, a summary of a set of planar graphs is not necessar-

ily planar, and therefore any layout or rendering that depends on
planarity would not be guaranteed to work for summary graphs.
Edit Operations. As noted earlier, the initial summary graph result may not always grant a user the desired insight. This could be
because too much was summarized or because summarized nodes
and edges cluttered the layout. For example, a summary node that
has edges connecting across the graph reduces the total number of
nodes but may also have more edge crossings than if it were split
into two or more nodes. Conversely, pairing nodes that do not belong to the same class may permit greater insight into structural
similarities. For this reason, a summary graph should be editable;
users should be able to explore and modify the visualization to gain
better insight into the collection of graphs. We provide two operations that act on the nodes of the graph:
1. Break. Split a compound node by creating two new nodes
that split the simple nodes represented.
2. Join. Join a set of nodes by creating a compound node that
combines the simple nodes represented by each input.
Note that a user’s edit operations can also be used to recompute
the summary graph. For example, when a user breaks a compound
node, it means that the two nodes should not be merged, and we can
set the cost of this merge to the maximum and rerun the algorithm.
To break or join a node, a user selects the node(s) and chooses
the appropriate operation (either via a global or contextual menu).
One approach for breaking nodes is to use the ordered merge tree,
breaking the node according to the last merge. However, when the
node has multiple labels (it represents input nodes that do not all
share the same label), it is more intuitive if it is split into two nodes
with disjoint labels. Similarly, when there is only a single label,
splitting the node based on the rarest edge that connects to that node
allows a user to better untangle over-summarization. A join is more
straightforward; the input nodes represented by the selected compound nodes are all added to a new single compound node. A join
is not allowed when more than one node from the same input graph
is involved. As mentioned earlier, we use animation when performing these operations to allow a user to see exactly where any new
nodes are positioned in an updated layout. For breaks, new nodes
are initially positioned at the compound node and moved (via linear
interpolation) to new locations based on a layout of the new graph;
joins are animated as the inverse of breaks.
Controlling Summarization. A summary graph is designed to
compress the display of multiple graphs to a single graph that highlights similarities and differences. However, it is possible to have
too much summarization. There may be times when separating
nodes can unclutter a visualization. For example, two workflows
that share similar overall structure but have different sequences of
modules in a particular region could be shown with the sequences
merged or unmerged. In some cases (e.g., when the sequences are
of different lengths), it may be easier to understand the differences
when the modules are unmerged. For these and other cases, we allow users to control the amount of summarization displayed using a
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Figure 5: A summary graph of enzyme relation graphs from the citric acid cycle for eight organisms. Showing all colors (a) can be distracting.
A user can interactively investigate a particular relationship, like that between E. coli and the castor bean, by either highlighting specific
differences in the context of the summary (b) or hiding nodes and edges that do not exist in a selected subset (c).
linear slider. Each step up (down) the slider is a single join (break)
of two existing nodes. See Figure 6 for an example of this control.
To construct the global order, we need the forest that corresponds
to all merges involved in the summary graph construction. Each
node in the forest results from a merge of two nodes, and each has a
weight that corresponds to its substitution cost from the matching.
A node is a leaf if it is a merge of two nodes from the input graphs.
To compute the order, we use an iterative algorithm with a priority
queue. The queue is seeded with all of the leaves of the tree and
ordered by the similarity measure. At each step, the highest scoring
node is removed from the queue, added to the final order, and if all
siblings of the selected node have already been added to the final
order, the parent node is inserted to the priority queue.
Selective Views and Color. Another feature of our interface is the
ability for a user to examine specific input graphs by highlighting
them in the context of the summary. A user can highlight a single
graph to see exactly how it relates to all other graphs, or select two
graphs to see the differences between exactly those two. Furthermore, a user can choose to hide graphs that are less similar to a set
of others to better analyze a subset. In all of these operations, the
layout of the graph remains the same, allowing the entire analysis
to occur in the context of the summary graph.
Color is often used to differentiate categories, and in a summary
graph, we use it to highlight specific differences or a selected input graph. As Figure 5a shows, using color to show every input
graph causes an over-saturated visualization that is challenging to
analyze. We allow users to change when nodes or edges are col-

Figure 6: The interface allows users to control summarization, adjust the color threshold, and toggle the display of individual graphs.

ored using a color threshold T ; color is only shown when the node
or edge occurs in fewer than T graphs. This helps highlight unique
differences as shown in Figure 5b. Both the controls for selecting
which input graphs are shown or highlighted as well as the color
thresholds are available in the settings interface shown in Figure 6.
7 A PPLICATIONS
Metabolic Pathways. In biology, the pathways that drive life by
chemical processes are important components in our understanding
of cells. During each process, compounds (metabolites) are processed into other compounds via different enzymes and substrates.
Even for the same process (e.g., glycolysis or the citric acid cycle), the components involved can vary across organisms. Understanding these differences can help in comparing organisms, especially with respect to their evolutionary history. Each pathway can
be abstracted to only the orders of different enzymes to simplify
this process [32]. Enzymes can be identified by their EC numbers,
four-number tuples separated by dots, which are organized hierarchically [50]. Thus, the similarity between enzymes can be determined based on how many numbers match (e.g., 1.2.3.4 and 1.2.3.5
are quite similar while 4.3.2.1 and 4.5.6.7 are close to completely
different). In our examples, we used the Kyoto Encyclopedia of
Genes and Genomes (KEGG) database [34] to obtain the pathway
information. The summary graph for the Citric Acid Cycle, in Figure 5, shows that while complex organisms share most enzyme relationships, yeast and E. coli have some significant differences.
Visualization Pipelines. For programs that have a modular structure, it is often useful to visually examine this structure. Visualization pipelines are a good example of structured programs: they
are defined as graphs whose nodes correspond to computational
modules and edges represent how data flows between modules.
The ability to construct summaries for workflow graphs is important for different applications. When exploring a shared collection
of workflows (e.g., http//www.crowdlabs.org), users can
pose queries to identify workflows with a particular substructure, or
they can cluster together similar workflows [41]. Summarizing the
query results or derived clusters can help users better understand a
set of approaches used to solve a particular problem or how a technique is used in different problems. For example, one can examine
different contexts where volume rendering is used, and even contrast these against other techniques such as isosurface extraction.
Another important application in this context is teaching. From
the summary of a set of pipelines that were produced by students
as solutions to a visualization assignment, we can obtain a “consen-
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Figure 7: One of the questions in the user study asked participants to modify a given summary (left) constructed using the same graphs as in
Figure 1 to create an informative visualization. Two results, (middle) and (right), show how user preferences vary.
sus” solution as well as identify the unique differences in individual
solutions. Figure 3 shows a summary graph for eight different visualization workflows constructed in VisTrails [45] using VTK [48]
modules. Most students followed the same core structure, but the
filters and additional customizations used varied.
8 U SER S TUDY
In order to evaluate the interactive features of our summary graph
visualization tool, we conducted a user study with a set of eight
tasks that ranged from determining differences in a graph collection to creating a summary from scratch. Our fifteen participants
came from a pool of computer science students and researchers,
most of whom described themselves as only familiar with graph
visualization techniques on a basic level. For all tasks, we collected both timing information and, depending on the task, information about selected nodes or edges, the summarization hierarchy,
and settings like the values of threshold levels and which graphs
are highlighted. In order to minimize the amount of learning for
each task, all graphs contained 10–30 nodes and were obtained
from molecules, although users were not expected to know anything about this domain. At the end of the study, we asked the users
to provide feedback about the software including questions about
particular features like color and the editing tools. Overall, users
were positive about the tool and thought it represented a useful direction for discovering relationships between similar graphs.
Tasks. The eight tasks were organized into four pairs. The first two
tasks asked participants to identify differences between two graphs
both using a summary and without. In order to evaluate threshold
values, the second pair of tasks had users set color and summarization thresholds to their liking. The third group of tasks was designed
to force participants to use the highlighting and threshold features to
answer questions about differences between graphs in a summary.
The final pair of tasks was creative, asking users to build or modify
summaries to obtain an aesthetically pleasing visualization.
Results. The first pair of tasks was set up so one half of the participants answered a question about differences between graphs without a summary and the other half had the summary. This was
flipped for a second pair of graphs. For the first graph, users were
about 20% faster using the summary and for the second graph, 40%,
taking 96.41 seconds to identify differences. One of the pairs had
smaller graphs which we believe accounts for the difference. However, the speed-up is still smaller than expected, which may be due
to the fact that these were the first questions after the warm-up exercise. Also interesting was that users preferred to see more color
in a static summary; the average color threshold was set to 5.4 for a
summary of eight graphs. The preferred summarization level for a
summary that was “over-compact” was with nine merges removed,
mostly to remove edge crossings from the displayed layout.
Results from the third pair of tasks were inconclusive, with the

average times to complete the tasks ranging from one to two minutes. Users did utilize the ability to highlight and show subsets of
graphs, but we were not able to measure if these features made their
efforts easier. The results from the final pair of task showed that a
“good” summary graph varies depending on the person viewing it.
Figure 7 shows two representative summaries that users created by
starting from the same given summary; one user preferred a planar
layout while another valued a more compact representation.
User Opinion. Overall, users had a positive impression of the tool.
There were a wide range of positive comments, and a common
theme was that interactivity was useful in discovering relationships
between graphs. On the other hand, layout and colors caused confusion at times. When the summary or summarization threshold
changes, the layout must also be updated, and some nodes may be
moved more than desired due to the current layout algorithm. Because color is used to distinguish which graphs are represented in
a given node or edge, when the number of graphs was large, it was
difficult for some users to determine which graphs were represented
by a given edge. Highlighting and filtering should help with some
of these issues and were not emphasized in the provided documentation. Suggested improvements included adding zoom capabilities
and node tooltips that show the input nodes represented.
9

C ONCLUSION & F UTURE W ORK

Visual summaries for graph collections provide a compact representation for the similarities and differences between an entire set
of graphs. With the ability to analyze and edit a summary graph,
users can both explore and configure summaries to better understand relationships between the underlying input graphs.
Our approach and examples show results for relatively small collections of less than 30-node graphs. An important direction in
graph visualization is scalability, effectively handling both large
graphs as well as larger collections of graphs. One roadblock to
scaling the number of graphs is that using color to distinguish individual graphs for collections with hundreds of graphs will be ineffective. For large graphs, it is often necessary to use single graph
summarization to generate legible representations that fit on screen.
We plan to investigate methods both for calculating and visualizing
summary graphs in these cases.
Another direction that we would like to explore further is to
more effectively exploit domain-specific and user-specified information. While costs for substituting nodes and edges can be generally defined based on label differences, the power gained from
knowing when nodes are related allows us to calculate better summary graphs. Furthermore, when users edit graphs by identifying
specific nodes that should be broken or joined in the summary, this
information could be used to help refine similarity calculations. We
might even be able to recalculate the summary based on a small set
of user-defined matches as has been used in image registration [13].
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