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ABSTRACT
Data cubes as employed by On-Line Analytical Processing
(OLAP) play a key role in many application domains. The
analysis typically involves to compare categories of differ-
ent hierarchy levels with respect to size and pivoted val-
ues. Most existing visualization methods for pivoted values,
however, are limited to single hierarchy levels. The main
contribution of this paper is an approach called Hierarchi-
cal Difference Scatterplot (HDS). A HDS allows for relating
multiple hierarchy levels and explicitly visualizes differences
between them in the context of the absolute position of piv-
oted values. We discuss concepts of tightly coupling HDS to
other types of tree visualizations and propose the integration
in a setup of multiple views, which are linked by interactive
queries on the data. We evaluate our approaches by an-
alyzing social survey data in collaboration with a domain
expert.

Categories and Subject Descriptors
H.5 [Information Interfaces and Presentation]: Mis-
cellaneous

General Terms
Data cubes, OLAP, focus+context visualization

Keywords
Data cubes, OLAP, focus+context visualization

1. INTRODUCTION
Data dimensions of multivariate datasets can roughly be dis-
tinguished as being either continuous or categorical. While
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the data of some application fields is predominantly contin-
uous (e.g., physical quantities), many application domains
have to deal with mixed data, which has many categori-
cal as well as continuous attributes (e.g., data from Cus-
tomer Relationship Management). In this case, pivot tables
are widely used to summarize the values of continuous at-
tributes with respect to a classification given by categories.
On-Line Analytical Processing (OLAP) [4] uses categorical
attributes, called Dimensions, to split the data before aggre-
gating continuous attributes, called Numeric Facts. An im-
portant aspect of OLAP systems is to use large-scale overview
summaries of the data as starting point for selective drill
down into interesting parts of the data.

OLAP is based on the fact that categorical data is closely re-
lated to hierarchical data and selective drill down (and roll
up) is thus related to navigating a hierarchy. Apart from
inherently hierarchical categories (e.g., years can be subdi-
vided into months, days, hours, etc.), dimension composition
is the key approach for defining hierarchies as it allows for
specializing the categories of one attribute by the categories
of another one. For example, two separate attributes ”sex”
and ”age group” can be combined to obtain a category like
”female and younger than 30”. In the context of information
drill down, pivot tables are also hierarchically structured and
often referred to as data cubes (or OLAP cubes). Interactive
analysis tools for pivot tables should consequently support
navigation in a way that it is up to the user to decide where
to drill down and where to stay at a summary level. They
should reflect this hierarchical aspect in the visualization.

Apart from the navigation within the hierarchy itself, a fre-
quent analysis task is to compare categories within one hier-
archy level and also between multiple hierarchy levels. The
difference of pivoted values with respect to parent categories
may characterize individual categories very well as demon-
strated by common statements like ”the average income in
a particular region is x percent higher as compared to the
entire country”. A visualization approach for OLAP cubes
should therefore also facilitate relating categories along the
hierarchy.

Based on these considerations, this paper introduces the Hi-
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Drill - down Roll - up

Cut

Figure 1: Navigating a hierarchy. Dark nodes rep-
resent the current state of navigation (the “cut”);
nodes above the cut are contextual information and
nodes below the cut are not visualized. Drill-down
and roll-up operations transform the left hierarchy
to the one on the right-hand side.

erarchical Difference Scatterplot (HSP) as a novel approach
to the interactive visual analysis of OLAP cubes. The fol-
lowing list of goals and tasks guided the design of HDS:

• Relating categories to siblings and to parent categories
with respect to two continuous attributes. Our con-
sideration is that differences between pivoted values of
parent and child categories provide an intuitive way of
comparison. We therefore represent them explicitly.

• Integrating multiple hierarchy levels into a single vi-
sualization in order to analyze hierarchy levels in the
context of the other levels.

• Supporting local drill-down and roll-up (see Fig. 1).
Unlike other hierarchical visualizations, it is an essen-
tial aspect of HDS to provide different levels of detail
for various parts of the data instead of representing
the entire hierarchy as such. This is in accordance
with drill-down tasks in huge OLAP cubes, which also
often emphasize depth rather than breadth.

• Supporting a setup of multiple linked views in order
to dynamically integrate results of arbitrary queries as
defined by the user in linked visualizations (e.g., a cer-
tain cluster of customers of a sales dataset as selected
in parallel coordinates).

Our clear focus is on supporting specific OLAP tasks by a
combination of visualization and interaction. It is explicitly
not the goal of HDS to be superior to existing tree visu-
alizations with respect to providing visually pleasing still
images of huge hierarchies as a whole. For tasks where this
is required, we discuss, how other types of hierarchical vi-
sualizations can be tightly coupled to HDS. As one of many
potential application scenarios, we evaluate our approach by
analyzing a real-world social survey regarding national iden-
tity. The analysis has been conducted in collaboration with
a social scientist. We also provide a discussion of analysis
tasks as supported by HDS, limitations, and a motivation
for visualizing differences explicitly.

2. RELATED WORK
Pivot tables have long been used to summarize values of con-
tinuous attributes with respect to a classification given by
categories. Flat pivot tables can be visualized using common

techniques for multivariate, quantitative data. The Gapmin-
der Trendalyzer [6], for example, maps two aggregated indi-
cators of countries to the axes of a time-dependent scatter-
plot and shows the population, i.e., the size of the category,
by the area of according circles.

The concept of pivoting data is also important for databases,
where the predominant Structured Query Language (SQL),
for example, offers the “GROUP BY” clause of “SELECT”
statements for this purpose. However, as Gray et al. [7]
point out, SQL statements have limitations with respect to
drill-down and roll-up operations. Therefore they propose
to treat multidimensional databases as n-dimensional data
cubes, which have widely been adopted by On-Line Ana-
lytical Processing (OLAP) [4]. OLAP supports drill-down
operations by splitting single categories with respect to ad-
ditional dimensions.

While most OLAP front-ends only offer selected business
graphics, Polaris [18] uses a formal algebra as specification of
pivot tables and their visual representation. The user can in-
crementally construct complex queries by intuitive manipu-
lations of this algebra. The layout is based on small-multiple
displays of information [21]. Stolte et al. [19] also describe
an extension to the algebra for rich hierarchical structures.
Polaris is a very intuitive and highly effective approach for
analyzing data cubes, as shown by the success of its com-
mercial version Tableau [1]. However, Polaris displays a sin-
gle level of detail (i.e., hierarchy level) and thus does not
support comparisons between different levels of detail. The
authors of Polaris also describe design patterns for adapt-
ing visualizations of data cubes on multiple scales [20]. This
work deals with transitions between level of details while
still showing a single level of detail at a time. It has been
mentioned as future work to communicate parent-child re-
lationships and to deal with non-uniform branching factors.

The current version 4.1 of Tableau [1], however, does sup-
port comparisons between hierarchy levels using sub-totals
and grand-totals, which are displayed in additional rows and
columns. As the main drawback of this approach, compar-
isons require the user to look at multiple places on the screen
in a successive manner. This makes comparisons difficult as
will be discussed in more detail in section 6. This problem is
inherent for approaches that rely on showing absolute values
in a side-by-side manner. Therefore, visualizing differences
explicitly was a main consideration in the design of HDS.

Hierarchical Parallel Coordinates [5] categorize a dataset by
clustering before using this classification for multi-resolution
analysis of aggregated values. This approach draws informa-
tion of different levels of the hierarchy into one visualization.
However, unlike HDS as introduced in this paper, Hierar-
chical Parallel Coordinates are limited to comparing results
along one cut through the hierarchy, while our approach fo-
cuses on differences between levels. Sifer [16] proposes paral-
lel trees, which also employ a parallel axes layout for aligning
multiple drill downs into a data cube. The categories of all
hierarchy levels are stacked on top of each other. For anal-
ysis, the user may relate one active dimension to all others
by coloring parts of the boxes. This implicitly conveys the
information for comparing siblings as well as child categories
to parent categories. Differences are not represented explic-
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itly which requires remembering one category and shifting
the attention to another one for comparison. This becomes
even more difficult as categories are scaled in proportion to
their relative frequencies and thus their size may differ sig-
nificantly. Moreover, parallel trees require categorization of
continuous dimensions (i.e., facts) and do not support typ-
ical aggregations like average or sum. This severely limits
their applicability to frequent OLAP tasks.

There has been very much research on the visualization of hi-
erarchies and hierarchically structured data. Containment-
based approaches like Tree Maps [15] are one of the most
popular techniques and show the size of the hierarchy nodes
very well, while depth information is occasionally harder
to read. In contrast, node-link representations [2, 8] show
the structure more explicitly, but most approaches do not
clearly convey the size of the nodes. The rooted tree grow-
ing from top to bottom is a very common layout, but does
not utilize space efficiently for large hierarchies. Centric ap-
proaches are superior in this respect as they grow outwards
from the representation of the root node and thus allocate
more space to more detailed levels of the hierarchy. Nodes
are typically placed corresponding to their position in the hi-
erarchy, e.g., putting nodes with equal depth on concentric
circles (radial tree) [2] or enclosing each sub-tree in a bubble
(balloon tree) [8]. There are many extensions and variations
to these approaches: focus+context techniques to improve
scalability [10], combinations of node-link representations
and enclosure [25], combinations of centric layout and enclo-
sure [24], and edge bundles for integrating relations between
items into the visualization [9]. Only a few approaches de-
rive the node placement from multi-variate properties (i.e.,
each node is associated with several attributes) rather than
edge topology as necessary for typical OLAP tasks.

Wattenberg proposes PivotGraph [23] for analyzing multi-
variate graphs and he addresses OLAP by supporting drill-
down and roll-up. The graph layout corresponds to a grid
which is given by two categorical dimensions for the X and
the Y axes, respectively, and edge thickness is determined
from the number of edges being aggregated. While the
basic idea of property-based node placement is similar to
HDS, there are several differences. PivotGraph only sup-
ports placement based on discrete dimensions while HDS
uses a node layout scheme suited for comparison of differ-
ences between continuous facts. Moreover, PivotGraph visu-
alizes a single level of detail at a time (similar to Polaris [18])
and thus does not allow for relating nodes to their parents.
After all, the intention of PivotGraph is to improve the in-
terpretability of the graph topology for a particular level
of detail, while HDS focuses on comparing aggregated facts
along and across a categorical hierarchy.

Queries defined through interaction within visual represen-
tations (also known as “brushing”) are a proven standard
approach for the identification of selected data subsets of
interest. Successful systems such as Spotfire [17] offer in-
teractive queries as an integral technology to link multiple
views. There has been little research on integrating brushed
subsets in hierarchical visualization techniques. In particu-
lar, no approach explicitly characterizes brushed subsets by
displaying the difference between the properties of an entire
category and its selected part.

Entire dataset

Not very proud

Not proud at all

Proud

Missing

2nd drill down

1st drill down

Not proud

Figure 2: A simple hierarchy as conceptual exam-
ple: the average age (X-axis) and the average years
of schooling (Y-axis) are compared for several de-
grees of pride on armed forces and the entire data.
Drill-down on “not proud” distinguishes “not very
proud” and “not proud at all”. The size of nodes
shows the number of respective interviewees. The
visualization reveals that pride is increasing with age
and is decreasing with education.

3. HIERARCHICAL DIFFERENCE
SCATTERPLOTS

This section introduces the Hierarchical Difference Scatter-
plot (HDS) as a novel combination of scatterplots and tree
visualizations. After describing the approach itself, we pro-
vide examples of tightly coupling HDS to other hierarchical
visualizations and propose techniques for linking our tech-
nique to other multivariate visualizations.

3.1 Visualization
The main idea of HDS is to layout nodes of a tree based on
properties similar to a scatterplot (see Fig. 2). For parame-
terization, HDS require a pre-defined hierarchy, i.e., a data
cube, and several properties, which are assigned to the visual
attributes X-position, Y-position, size, and color. Properties
may be pivoted values of continuous data attributes. An ex-
ample are aggregated ”measures” like the average revenue
per node or other aggregates like minimum, maximum, me-
dian, sum, etc. Another possibility are inherent features of
hierarchy nodes like absolute frequencies or depth. Applying
data-driven glyph placement [22], the properties assigned to
the X- and Y-attributes are directly mapped to the position
of the visual representations of categories. In addition to
X- and Y-position, the user may independently assign dif-
ferent properties to size and color which is comparable to
Polaris [18], or use default settings. For example, size per
default represents the number of raw data items for each
node. Color is discussed further below.

In accordance with the idea of information drill-down, the
user may increase the complexity incrementally and selec-
tively. Initially, the entire data cube is handled as a single
category and it is thus shown as one visual item. By clicking
on this item, the user may drill down to the next hierarchy
level that displays the respective hierarchy nodes as addi-
tional visual items. Clicking on any of these items adds its
direct children and thus increases the amount of shown in-
formation locally for this particular sub-tree (see Fig. 2). As
most important aspect of HDS, the visualization is not lim-
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Figure 3: Example of a deep drill-down: the focus is on comparing men and women of the category path
Europe – Austria – University degree – Married (i.e., five levels of the hierarchy plus the root) with respect
to their attitude towards the Internet and international companies. Size, color and opacity are used to
visually discriminate hierarchy levels. All siblings along the path are shown as valuable context information.
Distortion is used on the Y-axis.

ited to the categories within the current state of navigation
in the hierarchy (referred to as ”cut”, see Fig. 1), but also
includes all nodes above the cut up to the root of the hierar-
chy. This allows for direct comparison of properties between
child nodes and parent nodes as both are displayed in the
same visualization and thus share the same visual context
with respect to node placement. However, this necessitates
concepts for discriminating levels of the hierarchy and recog-
nizing structural relationships, which we address in multiple
ways.

First and foremost, lines connect each parent to all visual-
ized children, thus representing the topology of the hierar-
chy. Small arrows pointing towards the respective child indi-
cate the direction and greatly facilitate tracing the structure
of the hierarchy. In order to improve the distinction of lines
in densely populated areas, connection lines smoothly blend
the color of the parent to the color of the child. As inter-
esting aspect, these directed lines could be seen as ”skele-
ton” of the visualization, which sketches the structure of the
scatterplot of non-aggregated raw data entries. Even more
important in the context of OLAP, the lines explicitly visu-
alize the difference between the properties of each category
with respect to its direct parent category (or the root of the
hierarchy). Both the length and the angle have semantics,
namely the overall amount of difference and the ratio. Due
to the 2D layout, the lines support the perception of rela-
tionships between differences on the X and the Y axis. This
allows for fast identification of sub-categories deviating in
the same way from their parents for multiple sub-trees.

As mentioned above, each visual attribute can be used in
different ways. In particular, each attribute can be used to
enhance the discrimination of hierarchy levels, where trans-
parency can be modulated independently from color. Trans-
parency and size-based discrimination amount to a focus +

context approach. One hierarchy level C is considered to
be the current one, which is drawn opaque and in full size.
Opacity and size decrease for lower and higher levels N with
a factor of 1/2|C−N|. The current hierarchy level is a global
property of the visualization, i.e., the same depth is high-
lighted through all sub-trees. Drill-down and roll-up op-
erations automatically update the current level, or the user
may manually set any level as current. Expanded nodes, i.e.,
nodes above the cut, are highlighted by an additional opaque
circle. Directed lines leading towards expanded nodes are
always drawn in full opacity (see Fig. 3), which facilitates
tracing individual sub-trees as generated by local drill-down.

HDS offer various modes for coloring hierarchy nodes. In
addition to representing common categorical properties like
size or pivoted values of an arbitrary measure as mentioned
above, users may optionally also emphasize the structure of
the hierarchy. Hierarchy-based coloring recursively subdi-
vides the hue circle in a similar way as described for the
Interring [24]. The segment of the hue circle assigned to
each node is proportional to the number of leaf-nodes in the
sub-tree and the hue in the middle of the segment is applied
to the node itself. Color is a particularly important issue
when coupling different tree-visualizations, as it supports
the visual matching of hierarchy nodes (see Section 3.2).

With an increasing number of displayed nodes, the extents
and the density of the visualization may vary significantly.
Restricting the displayed value range in a similar manner as
in Spotfire [17] and also supported by our approach has the
disadvantage that users may lose the overview. The entire
hierarchy is not visible any more. As alternative, spatial
distortion has proven useful to provide focus plus context for
areas where nodes with similar properties lie close together.
Applying a piecewise linear visual transfer function [3], the
user may smoothly magnify any contiguous sub-interval of
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Identification: NationalityIdentification: Nationality

Identification: Age GroupIdentification: Age Group

Separated but Married

Divorced

Entire dataset

Figure 4: Comparing multiple sub-trees: intervie-
wees are distinguished by their marital status and
most important identification (in this order). Each
class is characterized by its average age and the aver-
age number of persons in the household. While most
identification nodes deviate roughly in the same di-
rection for all marital status nodes, some interest-
ing exceptions, like“Nationality”, show contrary be-
haviour for different nodes. Color is derived from
the category name. Spatial distortion is applied on
both axes to focus on divorced and separated but
married interviewees.

the displayed value range. The factor is chosen separately
for the X- and Y-axis (see Fig. 3 and 4). The reason for
using a piecewise linear function instead of using non-linear
distortion (e.g., fish-eye distortion [10]) is that differences
between nodes remain comparable as long as all involved
nodes are inside the focus. This can easily be ensured by
the user.

3.2 Coupling Tree Visualizations
Arguably, no single visualization approach perfectly covers
all aspects of hierarchical data. The clear focus of HDS is
on supporting the interactive analysis of data cubes in the
context of OLAP. By displaying multiple pivoted values (or
other properties) and the differences to parent levels at the
same time, HDS visualize comparatively much information
per node. Due to the data-centric layout, however, HDS do
not perfectly scale to the visualization of both depth and
breadth of large hierarchies at the same time (i.e., the hier-
archy as a whole). This is due to well-known graph-drawing
problems like a potentially high number of crossing edges.
However, as discussed in section 6, this is not a limitation
with respect to analyzing large real-world data cubes, be-
cause the user may increase the complexity incrementally
and selectively by drilling down to interesting details while
staying at a coarse level for less interesting sub-trees (or even
hiding them).

Still, aspects conveyed not so well by HDS might be interest-
ing. We therefore briefly discuss concepts of tightly coupling
HDS to other approaches for visualizing hierarchies in order
to combine their benefits when analyzing the same hierar-
chy. As an example, we have implemented a layout similar
to parallel trees [16] as used by Sifer to analyze OLAP data.
This layout is related to ArcTrees [11], which we refer to

as hierarchical bargrams since we do not show any arcs. In
hierarchical bargrams, a horizontal bar representing 100%
of the displayed data is subdivided in proportion to the rel-
ative frequencies of the categories in the first level of the
hierarchy. The obtained boxes are recursively split in pro-
portion to the relative frequencies of their sub-categories.
This generates bars nested inside the representation of their
parent-category. Each bar displays the name of the respec-
tive node (see Fig. 5).

We have identified the following attributes for tightly cou-
pling HDS to other kinds of tree visualizations.

• State of navigation The user may perform drill-
down and roll-up operations in any visualization, which
consistently updates all views. In the hierarchical bar-
grams, the recursion stops at the current cut, which is
also conceivable for most other types of tree visualiza-
tions (like treemaps).

• Color As discussed above, HDS offer multiple ways for
using color. Applying consistent coloring of nodes to
all visualizations greatly facilitates the visual match-
ing between them. In our case, the bars in the bar-
grams are drawn in the same color as the nodes in the
HDS. Deriving the color from the position of nodes in
the HDS (e.g., by mapping the position on the X-axis
or the difference from the root to color) enhances the
matching even more. Coupling by color is possible for
almost all types of tree visualizations.

• Order Many tree visualizations have a degree of free-
dom in which order siblings are represented. This free-
dom can be used to roughly maintain proximities be-
tween nodes throughout all visualizations. The hierar-
chical bargrams, for example, optionally order sibling
nodes with respect to their position on the X- or Y-axis
in the HDS.

• Selection Interaction is generally very powerful for
linking visualizations. We provide different types of
selection: (1) based on dedicated mark up interac-
tions (e.g., by drawing a rubber band or actively click-
ing on an item) (2) temporarily hovering over visual
items, which highlights the node or sub-tree beneath
the mouse cursor throughout all visualizations. This
has turned out to be very intuitive and fast for match-
ing nodes as no mouse clicks are needed.

3.3 Integrating Selected Subsets
The previous section discussed tightly coupling HDS to other
tree visualizations. This section describes the integration of
subsets as defined by brushing arbitrary multivariate visu-
alizations like parallel coordinates. It also applies to linking
multiple instances of HDS visualizing different hierarchies.
Linking views by interactive queries has established itself as
important concept, because different sub-tasks of a complex
analysis typically require different types of visualization. For
example, the user may want to identify multidimensional
clusters in parallel coordinates, and immediately relate each
cluster to a hierarchy as visualized by HDS.

In a linked setup, each type of visualization typically high-
lights the subset of selected entries in an appropriate way.
In HDS, the integration is based on the fact that the se-
lection state is categorical too. Each row in the underlying
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Figure 5: Tightly coupling HDS to hierarchical bargrams for displaying frequencies and names of hierarchy
nodes. Several education levels, partly split into male (green) and female (red), are compared with respect
to the average attitude towards international companies (X-axis, hue) and benefits of the Internet (Y-axis,
saturation). The nonlinear relationship between the questions and the influence of education and sex are
clearly visible.

non-aggregated main data table is either selected or not at
any point in time with respect to a particular query. Em-
ploying the concept of dimension composition, a selection
thus refines any hierarchy node X into “X and selected” and
“X and not selected”. This allows for visualizing selections
similar to normal child nodes.

For each node X of the cut, the aggregations of the selected
part of X (unless empty) are computed and visualized at
the respective position in the plot (see Fig. 6). As for actual
sub-categories, a line connecting the representations of the
entire category X and its selected part explicitly represents
the difference between both with respect to pivoted values.
In order to discriminate multiple selections, the border of
selection nodes is drawn in the color of the respective query,
while this part is black for actual nodes of the hierarchy.
Immediately updating the visualization at each modifica-
tion of the selection implicitly generates an animation of
change similar to moving the time slider of the Gapminder
Trendalyzer [6]. In our case it concerns general variation on
arbitrary data dimensions. The modification speed of each
node representation reflects the gradient of change with re-
spect to the selection criterion. As recently discussed by
Robertson et al. [14], it also reveals overall trends, e.g., all
selection nodes move from left to right, and makes outliers
discernable, which move in a contrary direction.

4. IMPLEMENTATIONANDUSER INTER-
FACE

HDS have been implemented in the context of Visplore,
an application framework for visually supported knowledge
discovery in large and high-dimensional datasets. Visplore
supports the analysis of datasets with millions of entries

Free Trade Leads to Better Products

Selected Subset of
Identification:
Political Party

Selected Subsets

Identifications

Figure 6: Integrating queries: interviewees older
than 60 years, as brushed in a histogram, are high-
lighted for each category regarding most important
identification with the average attitude towards free
trade (X) and damage done by international compa-
nies (Y) assigned to the axes of the HDS. The visu-
alization shows that elderly people tend to have an
over-proportionally negative attitude towards inter-
national companies, while the attitude towards free
trade is in most cases independent of age. The cate-
gory “political party” is an exception, though, as the
acceptance of free trade is higher for elderly people
and – unlike for the other categories – more sig-
nificant than the difference regarding international
companies.
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and hundreds of dimensions at interactive rates on consumer
hardware. This has a major impact on the design of all views
(including HDS) and necessitates advanced software tech-
niques like multithreading. Visplore also supports missing
values and requires all views to do so.

Visplore currently provides more than 10 different visual-
izations, which are partly standard (e.g., 2D and 3D scatter
plots, parallel coordinates, histograms, etc.) and partly spe-
cific to certain application tasks [12]. A key aspect of Vis-
plore is to discriminate multiple queries, which are defined
by composite brushing and are highlighted by all views in a
linked way. All components also offer convenience function-
ality like undo/redo and a consistent way to arrange controls
like data dimensions of the current dataset. In particular,
the user may at any time specify new hierarchies of arbi-
trary complexity by dimension composition or by combin-
ing categories. Data dimensions and hierarchies can easily
be assigned to views, which is the way how the axes and the
displayed hierarchy of HDS are parameterized.

Making the user interface easy-to-use was also an essential
design aspect of HDS. The user may perform drill-down and
roll-up operations by just clicking on a visual representa-
tion, or may hide entire sub-trees. Tool tips provide details-
on-demand showing the name, the size, and the aggregated
values for the node beneath the mouse cursor. In order to
highlight subsets of the data in linked views, the user can
brush nodes by either clicking on them or dragging a rubber
band. Dedicated widgets next to the X- and Y-axis offer all
functionality related to adapting the displayed value range
and the spatial distortion.

5. CASE STUDY AND EVALUATION
We now discuss the evaluation of our approach by the inter-
active visual analysis of a large survey, which we did together
with a sociologist. The analysis of opinion polls is an impor-
tant topic, where too little attention has been devoted to.
HDS are designed to be generally applicable to data cubes
of any kind, e.g., business data as a typical application of
OLAP, and are not limited to opinion poll data. The so-
ciologist had rich experience with the analysis of surveys,
but had used static statistical software and had never used
interactive visualizations before.

The survey was conducted by the International Social Sur-
vey Programme (ISSP) [13] in 33 countries between Febru-
ary 2003 and January 2005 with 44.170 respondents in total.
Disregarding country-specific and thus incomparable ques-
tions, the dataset consists of 104 predominantly categorical
attributes. The attributes are partly demographic questions
and partly concern the attitude towards national conscious-
ness, identity, and pride. The answers to most questions
comprise 4 or 5 levels, e.g., very proud, somewhat proud,
not very proud, not proud at all. This allows for both treat-
ing them as categories as well as computing meaningful ag-
gregations, e.g., the average accordance to a statement. The
dataset contains missing values, which represent an own cat-
egory for categorical attributes. Missing values are disre-
garded when aggregating a continuous attribute.

Before analyzing the questions regarding attitude and pride,
the sociologist first wanted to gain an overview about char-

acteristics of various demographic categories, figures of the
survey, and potential relationships between them. HDS fa-
cilitate this task, as it is fast to visualize simple pivot ta-
bles like the average number of persons in a household per
country and they also quickly provide the size of each cate-
gory. Within a few minutes, the expert could look at dozens
of combinations, partly confirming expected facts, e.g., the
average age of widowed people is 22 years higher than the
average of the dataset. Partly, this basic analysis already re-
vealed unexpected features like a significant variance in the
average age of interviewees throughout the countries (which
must be taken into account for subsequent conclusions).

Already for such flat pivot tables, the sociologist appreciated
very much being shown the average of the entire dataset as
visual reference. The reason is that this reference is not af-
fected by categories of different size - a common problem
when trying to determine the centre in a purely visual man-
ner (e.g., by assuming the centre of the image as centre of
the data, which is typically misleading). As criticism re-
garding our implementation, the expert said that he lacked
labels next to the nodes, although he admitted that tooltips
partly compensate for that. We suggested using coupled
bargrams as legend and deriving the order of the nodes from
the X-position in the HDS. He made use of them for cases
where only a few nodes are simultaneously shown, while they
turned out to be of limited scalability for more complex hi-
erarchies.

After analyzing cross tabulations between categories (a fre-
quent task in sociology) in another visualization of our frame-
work, the expert returned to HDS in order to characterize
categories in the context of other categories. For example, he
was interested whether different categories concerning iden-
tification have a similar distribution of age for different mari-
tal status categories (see Fig. 4). Showing multiple hierarchy
levels simultaneously and explicitly representing the differ-
ence between them turned out to significantly help answer-
ing this and other comparatively complex questions. Within
a short time, the sociologist identified multiple interesting
and unexpected facts in the data. Comparing the difference
vectors of the red dots in Figure 4, for example, reveals that
for all categories related to marital status, the subset speci-
fying ”age group” as most important identification tends to
be older than the average of the entire category. However,
singles are a remarkable exception, as the ”age group” sub-
category of singles is the youngest of all. Assigning the same
color to related sub-categories (e.g., red to all ”age group”
sub-categories) greatly facilitates such comparisons between
different sub-trees. As the visualizations became more com-
plex, the sociologist used distortion increasingly often and
found it a convenient way to clarify relationships for densely
populated areas.

As the next step of the analysis, the expert was interested
in results concerning attitude and pride. Figure 5, for ex-
ample, shows that people with a positive attitude towards
the Internet turned out to be less sceptical towards large
international companies. It further reveals a strong influ-
ence of the education level. For drill-down scenarios involv-
ing more hierarchy levels, the sociologist liked that he could
focus on particular categories but still see the rest as con-
text information, as illustrated by figure 3. While focussing
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on Austrian interviewees with a university degree, still all
other education levels are shown for Austria, all other Euro-
pean countries, and all continents. The centre of the entire
dataset is given as well. The expert considered such deep
local drill-downs a key advantage of HDS. Analyzing the
difference between two levels is of course also possible by
visualizing this derived information in simple scatterplots.
Relating four or five levels at a time, however, would gen-
erate numerous derived data dimensions, which are hard to
analyze intuitively without HDS.

The sociologist needed some time to familiarize with the
idea of specifying ad-hoc categories by brushing linked visu-
alizations. He eventually embraced this approach and used
queries as defined in linked visualizations frequently for two
types of tasks:

• Motion Due to the immediate update, changing the
query in one view generates an animation in HDS.
Figure 6 shows an example, where interviewees are se-
lected by age in a histogram. Moving the interval from
young towards old makes the selected parts of most
identification classes in the HDS wander from top to
bottom, indicating more scepticism towards interna-
tional companies for elderly people. It also reveals in-
teresting contrary trends for ”political party”and ”eth-
nic background” regarding the attitude towards free
trade in dependence of age.

• Highlighting When comparing multiple sub-trees, a
convenient way of identifying related categories through-
out all shown extracted branches is by brushing this
particular category in a linked view. For example,
instead of assigning the same color to related sub-
categories in figure 4, it would also be possible to high-
light all ”age group” nodes by selecting the category
”age group” in another view, e.g., in a second instance
of HDS. Using the ”Superfocus”, the sociologist could
identify many different categories in a short time. This
was particularly useful when color was needed other-
wise - for example to discriminate hierarchy levels as
in figure 3.

Although we can only describe a small part of our analysis
here, this application has demonstrated how HDS facilitate
and speed up the interactive analysis of data cubes. As re-
sult of our evaluation, the sociologist particularly liked being
shown the centre of the data as reference and being able to
analyze multiple levels of the hierarchy in the context of
each other. Despite tooltips and coupled hierarchy visual-
izations, his most important criticism concerned the lack of
labels, which we will address in future work.

6. DISCUSSION AND FUTURE WORK
The main idea of HDS is to support the interactive visual
analysis of data cubes. Selective drill down ensures that
users can increase the amount of detail incrementally for
sub-trees of interest. This is an important aspect regarding
the scalability of HDS. As for all approaches relying on pivot
tables, the speed for aggregating data is the most significant
limitation with respect to the number of underlying data
rows. Aggregating data is generally fast even for millions
of data rows and may even make use of explicit optimiza-
tions for data cubes in data warehouses. Therefore, HDS
scale well for data sets consisting of multiple millions (and

even billions) of underlying data records, which makes them
applicable to real world data cubes.

A relevant question concerns the amount of detail (i.e., how
many hierarchy levels and how many nodes), that can be
shown before the visualization suffers from cluttering. An
answer depends on the purpose. Generally speaking, HDS
are suitable for:

• comparisons along the hierarchy. The main intention
is to relate a few particular nodes to their direct and
indirect parent nodes. Such comparisons involve local
drill downs of numerous hierarchy levels while typically
little information is shown per level (see Fig. 3 for an
example). In this case, the most interesting informa-
tion is the path to the root node (i.e., the properties
of the entire data cube). Siblings provide rather con-
text information and it is often even tolerable to hide
siblings for certain hierarchy levels. In this case, com-
paring more than ten hierarchy levels is possible.

• comparisons across one hierarchy level. The focus is
on the position of siblings relative to each other and
to common parent nodes (see Fig. 4 for an example).
Much information is shown for a single hierarchy level
while little information – if any – is typically shown for
other levels. In this case, HDS resemble non-hierarchical
scatter plots, but may still convey additional informa-
tion (e.g., the properties of the entire data cube as
one additional item). In this case, comparing a few
hundred categories is possible.

As a consequence of displaying much information per node
(i.e., two pivoted properties and topology), HDS are limited
with respect to showing both depth and breadth of large hi-
erarchies simultaneously. Showing large hierarchies in their
entirety was not a design goal of HDS and it is not necessary
for many tasks. As discussed in section 2, most tree visu-
alizations convey the topology but disregard multi-variate
attributes. Most approaches for OLAP, on the other hand,
consider multiple attributes but are limited to displaying a
single hierarchy level.

Tableau [1] optionally displays multiple hierarchy levels us-
ing sub totals and grand totals which are added as additional
rows or columns. However, comparisons require looking at
multiple places on the screen in a successive manner. Gen-
erally speaking, comparisons become increasingly difficult
and less precise with increasing visual distance and number
of visualizations involved in the comparison. For example,
while detecting even minor differences in the height of two
adjacent bars of a bar chart is easily possible, comparing
the position of points of multiple non-adjacent scatterplot
panes is difficult and coarse. The reason is that the user
is forced to ”remember” one pane while shifting his focus
to another – potentially distant – pane (which might even
involve scrolling the entire visualization). Fig. 7 illustrates
this aspect. Although three panes (as shown in the lower
half) is quite a small number, precise comparisons are par-
ticularly difficult with respect to the position on the X-axis.
The figure also shows that using a single row makes com-
parisons with respect to height much easier, because the
same vertical reference is given for all items. Using multiple
rows (e.g., by assigning identification to rows instead of us-
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Figure 7: Comparing hierarchy levels using HDS (upper half) and using multiple scatterplots in Tableau
(lower half). The average age (X axis) and the average number of education years (Y axis) are shown for
groups having different most important identifications (color), which are further subdivided by sex. The
same colors are used for corresponding identifications in both halves. In HDS, “male” is drawn green and
“female” red, while multiple panes are used below. Comparing especially the horizontal position of items is
difficult across columns, while even minor differences are clearly conveyed by HDS.

ing color) would severely compromise comparability of the
Y-position as well. This problem is inherent for approaches
that do not explicitly visualize the difference between items
but rely on showing multiple visualizations in a side-by-side
manner. Drawing items in a single scatterplot does explic-
itly visualize the difference between them, as this difference
is directly proportional to their distance. This was a main
consideration in the design of HDS.

As future work, we will address the issue of labelling nodes
as mentioned by the sociologist. The challenge is to add
labels in a scalable way without compromising readability.
Furthermore, we intend to examine the effect of varying the
shape of node representations on the interpretability of the
visualization.

7. CONCLUSION
The analysis of data cubes is a key issue in many application
domains. It involves navigating a potentially large hierar-
chy as well as comparing nodes within one or between mul-
tiple hierarchy levels with respect to properties like size and

pivoted values. Particularly the difference between hierar-
chy levels is important information, which is not adequately
represented by existing visualization techniques. Therefore,
this paper introduced Hierarchical Difference Scatterplots
(HDS) as an interactive approach to analyze multiple hier-
archy levels in the context of each other and to emphasize
differences between them. Visualizing both the topology and
two pivoted values per node, HDS display much information
at a time. For many tasks, this means an added value as
compared to alternative approaches. For example, analyzing
differences between hierarchy levels using non-hierarchical
scatterplots requires the user to look at multiple views (i.e.,
positions of the screen) in a successive manner. HDS dis-
play the difference between categories explicitly within one
visualization, which makes comparisons more intuitive and
more precise.

A key idea of HDS is to allow for incrementally and se-
lectively increasing the amount of detail using local drill-
down. This ensures that the proposed concept of HDS is
reasonably applicable to data cubes of any size. HDS em-
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ploy several focus plus context approaches involving trans-
parency, size, and distortion in order to ensure interpretabil-
ity also for a significant number of displayed nodes. As other
tree-visualizations are superior with respect to providing a
pleasant layout of the entire topology or showing frequen-
cies, we discussed concepts of tightly coupling HDS to other
tree visualizations. Moreover, we discussed linking arbitrary
other visualizations by user-defined queries to HDS. This al-
lows for analyzing properties of ad hoc categories, it reveals
trends through animations when changing queries, and it
may also be used to highlight particular nodes. We described
an evaluation of our approach by analyzing a large survey,
which revealed numerous interesting and non-trivial aspects
within a short time.
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ABSTRACT 
In this paper, we present a technique for visual analysis of 
documents based on the semantic representation of text in the 
form of a directed graph, referred to as semantic graph. This 
approach can aid data mining tasks, such as exploratory data 
analysis, data description and summarization. In order to derive 
the semantic graph, we take advantage of natural language 
processing, and carry out a series of operations comprising a 
pipeline, as follows. Firstly, named entities are identified and co-
reference resolution is performed; moreover, pronominal anaphors 
are resolved for a subset of pronouns. Secondly, subject – 
predicate – object triplets are automatically extracted from the 
Penn Treebank parse tree obtained for each sentence in the 
document. The triplets are further enhanced by linking them to 
their corresponding co-referenced named entity, as well as 
attaching the associated WordNet synset, where available. Thus 
we obtain a semantic directed graph composed of connected 
triplets. The document's semantic graph is a starting point for 
automatically generating the document summary. The model for 
summary generation is obtained by machine learning, where the 
features are extracted from the semantic graph structure and 
content. The summary also has an associated semantic 
representation. The size of the semantic graph, as well as the 
summary length can be manually adjusted for an enhanced visual 
analysis. We also show how to employ the proposed technique for 
the Visual Analytics challenge. 

Categories and Subject Descriptors 
I.2.7 [Natural Language Processing]: Text analysis. 

General Terms 
Algorithms, Design. 

Keywords 
Natural language processing, text mining, document visualization, 
semantic graph, triplet, summarization. 

1. INTRODUCTION 
Visual Analytics incorporates, among others, knowledge 
discovery, data analysis, visualization and data management. The 
goal of this research field is to derive insight from dynamic, 
massive, ambiguous and often conflicting data [6]. Providing 
visual and interactive data analysis is a key topic in Visual 
Analytics. Data mining tasks, such as data description, exploratory 
data analysis and summarization can be aided with such 
visualizations. Visual exploration and analysis of documents 
enables users to get an overview of the data, without the need to 
entirely read it. The document overview offers a straightforward 
data visualization by listing the main facts, linking them in a way 
that is meaningful for the user, as well as providing a document 
summary. 

In order to respond to this challenging task, we present a 
document visualization technique based on semantic graphs 
derived from subject – predicate – object triplets using natural 
language processing. This technique can be applied for providing 
documents and their associated summary with a graphical 
description that enables visual analysis at the document level. The 
triplets are automatically extracted from the Penn Treebank [10] 
parse tree which was generated for each sentence in the document. 
They are further processed by assigning their co-referenced named 
entity, by solving pronominal anaphors for a subset of pronouns 
and by attaching their corresponding WordNet [3] synset. Finally, 
the semantic graph is built by merging the enhanced triplets. 

Moreover, this semantic representation is not only useful for 
visualizing the document, but it also plays an important part in 
deriving the document summary (as proposed in [7, 12]). This is 
obtained by classifying sentences from the initial text, where the 
features are extracted from the document and its semantic graph. 
The size of the semantic graph, as well as the summary length are 
not fixed, and this characteristic improves visual analysis. 
Furthermore, the document summary is also provided with a 
semantic graphical representation. 

There are several tools dedicated to document corpus 
visualization, which are helpful in data analysis. Some are focused 
on a particular kind of data, such as news collections [5], other are 
developed for general text either based solely on the text of the 
documents in the corpus [4], or ontology-based, taking advantage 
of, for example, an ontology representing the users' knowledge or 
interests [14]. While these approaches explore and analyze a 
collection of documents as a whole, providing the overall picture 
of the text corpus, we perform a more in depth visual exploration 
and analysis of a single document.  
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Figure 1. The document analysis process. 
 

Moreover, we detail the main facts and connect them in a 
semantic structure, as well as provide a visual description for the 
document summary. Other visualization tools focus on tracking of 
story evolution: evolutionary theme patterns discovery, summary 
and exploration. The work described in [13] takes advantage of 
graphs to represent the development of a story; these graphs 
consist of elements of a co-occurence network, disregarding 
synonymy relationships among the elements. In contrast to this 
approach, we construct a semantic graph where the building 
blocks are enhanced triplets linked to WordNet synsets. These 
triplets are much more than co-occuring entities, they are 
considered the core of the sentence, salient enough to carry the 
sentence message. They are connected taking into account the 
synonymy relationship among them. 

Previous work related to visualizing a single document has 
focused on highlighting named entities, facts and events in the 
given text, or on using the human created structure in lexical 
databases for revealing concepts within a document. Our purpose 
is to further analyze the concepts in a text fragment, determine the 

connections among them and visually represent this in the form of 
a semantic graph, either of the entire document or of its summary. 

The Calais Document Viewer1 creates semantic metadata for the 
user submitted text, in the form of named entities, facts and 
events, which are highlighted and navigable; the RDF output can 
also be viewed and captured for analysis in other tools. DocuBurst 
[1] presents the concepts within a document in a radial, space 
filling tree structure, using WordNet’s IS-A hyponymy 
relationship. In the case of our system, named entities and facts or 
concepts represent the starting point; they are further refined in 
order to enable the construction of a semantic description of the 
document in the form of a semantic directed graph. The nodes are 
the subject and object triplet elements, and the link between them 
is determined by the predicate. The initial document, its 
associated facts and semantic graph are then employed to 
automatically generate a summary, which can also be visualized in 
the form of a graph.  

                                                                 
1 Calais url: http://www.opencalais.com/ 
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The paper is organized as follows. We start with an overview of 
the document visualization process in Section 2, continuing with a 
description of semantic graphs in Section 3, document summaries 
in Section 4 and an application of the described technique to the 
Visual Analytics challenge in Section 5. The paper concludes with 
several remarks. 

2. DOCUMENT VISUAL ANALYSIS 
The document visualization process is described in Figure 1, 
where an example document from the Visual Analytics Challenge2 
is used. 
It starts with the original document, which is further processed 
and refined in order to obtain the set of subject – predicate – 
object triplets as well as its associated semantic graph. Next, the 
semantic graph structure and content serve as input for the 
document summarizer, which automatically generates a summary 
of sentences from the text. The approach considered for 
summarization is sentence extraction. This summary can also be 
visualized in the same way as the original document, by 
associating it with a semantic description. 

3. SEMANTIC GRAPHS 
The semantic graph corresponds to a visual representation of a 
document’s semantic structure. As proposed in [7] a document 
can be described by its associated semantic graph, thus providing 
an overview of its content. The graph is obtained after processing 
the input document and passing it through a series of sequential 
operations composing a pipeline (see Figure 2): 

� Text preprocessing: splitting the original document into 
sentences; 

� Named entity extraction, followed by named entity co-
reference resolution and pronominal anaphora resolution; 

� Triplet extraction based on a Penn Treebank parser; 
� Triplet enhancement by linking triplets to named entities and 

semantic normalization via assigning each triplet its 
WordNet synset; 

� Triplet merger into a semantic graph of the document. 
In what follows, we are going to further detail the aforementioned 
pipeline components as proposed in [12]. 

3.1 Named Entity Extraction, Co-reference 
and Anaphora Resolution 
The term named entities refers to names of people, locations or 
organizations, yielding semantic information from the input text. 
For named entity recognition we consider GATE (General 
Architecture for Text Engineering)3; it was used as a toolkit for 
natural language processing. For people we also store their 
gender, whereas for locations we differentiate between names of 
cities and of countries, respectively. This enables co-reference 
resolution, which implies identifying terms that refer to the same 
entity. It is achieved through consolidating named entities, using 
text analysis and matching methods.  

 
                                                                 
2 IEEE VAST 2008 Challenge url: 

http://www.cs.umd.edu/hcil/VASTchallenge08/tasks.html 
3 GATE url: http://gate.ac.uk/ 

 
Figure 2. The semantic graph generation pipeline. 
 
We match entities where one surface form is completely included 
in the other (for example “Ferdinando Catalano” and “Catalano”), 
one surface form is the abbreviation of the other (for example 
“ISWC” and “International Semantic Web Conference”), or there 
is a combination of the two situations described above (for 
example “F. Catalano” and “Ferdinando Catalano”). 

Figure 3 represents an excerpt of a document with two annotated 
named entities and their corresponding co-reference (we eliminate 
stop words when resolving co-references – for example in the case 
of “EBay Inc”, “Inc” will be eliminated, as it is a stop word).  

 

 
Figure 3. A document excerpt with two annotated named 
entities (a person and an organization). 
 
We highlight the named entities found within the document, 
distinguishing between the three different entity types: people, 
locations and organizations, as illustrated in Figure 3.  

Moreover, we resolve anaphors for a subset of pronouns: {I, he, 
she, it, they}, and their objective, reflexive and possessive forms, 
as well as the relative pronoun who. For solving this task, we take 
advantage of the co-referenced named entities and try to identify, 
for each pronoun belonging to the considered subset, its 
corresponding named entity. In the previous example (see Figure 
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3), the person named entity (“Ferdinando Catalano”) would be a 
good candidate to replace the pronoun “he”. 
The pronominal anaphora resolution heuristic can be described as 
follows. We start by identifying pronouns in the given document, 
and search for each pronoun possible candidates that could 
replace it. The candidates receive scores, based on a series of 
antecedent indicators (or preferences) [12]: givenness, lexical 
reiteration, referential distance, indicating verbs and collocation 
pattern preference. The candidate with the highest score is 
selected as the pronoun replacement. 

3.2 Triplet Extraction 
We envisage the “core” of a sentence as a triplet consisting of the 
subject, predicate and object elements and assume that it contains 
enough information to express the message of a sentence. The 
usefulness of triplets resides in the fact that it is much easier to 
process them instead of dealing with very complex sentences as a 
whole. 

 

 
Figure 4. A triplet (Catalano – treated – leader) extracted from the 
sentence “Followers claim the Paraiso Manifesto has inspired a 
New Religious Movement and Catalano should be treated as a 
religious leader.”. 
 
Triplets are extracted from each sentence independently, without 
taking text outside of the sentence into account. We apply the 
algorithm for obtaining triplets from a Penn Treebank parser 
output described in [11], and employ the statistical Stanford 
Parser4. The extraction is performed based on pure syntactic 
analysis of sentences. The rules are built by hand, and use the 
shape of the parse tree to decide which triplets to extract. Figure 4 
shows a triplet (Catalano – treated – leader) extracted from the 
sentence “Followers claim the Paraiso Manifesto has inspired a 
New Religious Movement and Catalano should be treated as a 
religious leader.”. Aside from the main triplet elements (subject, 
predicate, object), the image also depicts the predicate and object 
attributes (should, be and as religious) – these are the words 
which are linked to the predicate and object in the parse tree. 

As in the case of named entities, triplets are also highlighted 
differently, according to the triplet element type: subject, 
predicate or object. This convention is kept in the next phase of 
the pipeline, when building the semantic graph. Therefore, the 
triplet elements are much easier to identify within the graph 
structure. 

                                                                 
4 Stanford Parser url: http://nlp.stanford.edu/software/lex-

parser.shtml 

3.3 Triplet Enhancement and Semantic 
Graph Generation 
The semantic graph is utilized in order to represent the 
document’s semantic structure. Our approach is based on the 
research presented in [7] and further developed in [12]. While in 
[7] semantic graph generation was relying on the proprietary 
NLPWin linguistic tool [2] for deep syntactic analysis and 
pronominal reference resolution, we take advantage of the co-
referenced named entities as well as the triplets extracted from the 
Penn Treebank parse tree and derive rules for pronominal 
anaphora resolution and graph generation. For generating the 
graph, triplets are first linked to their associated named entity (if 
appropriate). Furthermore, they are assigned their corresponding 
WordNet synset. This is a mandatory step, preceding the semantic 
graph generation, as it enables us to merge triplet elements which 
belong to the same WordNet synset, and thus share a similar 
meaning. Hence we augment the compactness of the graphical 
representation, and enable various triplets to be linked based on a 
synonymy relationship. We obtain a directed semantic graph, the 
direction being from the subject node to the object node, and the 
connecting link (or relation) is represented by the predicate. 
Figure 5 presents a semantic sub-graph of a text excerpt. Semantic 
graph visualization was achieved through adapting the Prefuse 
visualization toolkit5 in a Java applet embedded in the web page. 
The graph layout is a dynamic force-directed one, yielding a 
spring graph, scalable to several hundred nodes. 
The semantic graph generation system components were evaluated 
by comparing their output with the one of similar systems, as 
described in [12]. The evaluation was performed on a subset of 
the Reuters RCV1 [8] data set. For co-reference resolution, the 
comparison was made with GATE’s co-reference resolver; our co-
reference module performed about 13% better than GATE. In the 
case of anaphora resolution, we compared the outcome of our 
system with two baselines that considered the closest named entity 
as a pronoun replacement: one baseline also took gender 
information into account, whereas the other did not. We obtained 
good results, particularly in the case of the masculine pronoun he.  

4. DOCUMENT SUMMARY 
The document summary is a means of retrieving a more synthetic 
text by extracting sentences from the original document. This is 
automatically obtained starting from the initial document and its 
corresponding semantic representation. The technique involves 
training a linear SVM classifier to determine those triplets that are 
useful for extracting sentences which will later compose the 
summary. The features employed for learning are associated with 
the triplet elements and obtained from the document content 
(linguistic and document attributes) and from the graph structure 
(graph attributes) [12]. Table 1 lists several examples of features 
that were used for learning. All in all, there are 69 features 
distributed among the triplet elements: 26 for the subject, 11 for 
the predicate, 26 for the object, and 6 sentence attributes 
(associated to the sentence that generated the triplet). 
 
 

                                                                 
5 Prefuse url: http://prefuse.org/ 
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Figure 5. A semantic sub-graph of the “Paraiso Manifesto” Wikipedia article provided by the Visual Analytics Challenge. 
 
 
Table 1. Examples of features used for learning. 

Feature 
categories Examples 

Linguistic 

� the triplet type: subject, predicate or object, 
� the Penn Treebank tag, 
� the depth of the linguistic node extracted from 

the Penn Treebank parse tree, 
� the part of speech tag; 

Document 

� the location of the sentence within the 
document, 

� the triplet location within the sentence, 
� the frequency of the triplet element, 
� the number of named entities in the sentence, 
� the similarity of the sentence with the 

centroid (the central words of the document); 

Graph 

� hub and authority weights, 
� page rank, 
� node degree, 
� the size of the weakly connected component 

the triplet element belongs to; 

For training the linear SVM model and for the evaluation of the 
document summary, we utilize the DUC (Document 
Understanding Conferences)6 datasets from 2002 and 2007, 
respectively, and compare the results with the ones obtained in 
the 2007 update task, as described in [12]. Thus we can compare 
the performance of our system with similar summarization 
applications that participated in the DUC 2007 challenge, for 
example, that generate compressed versions of source sentences 
as summary candidates and use weighted features of these 
candidates to construct summaries [9], or that learn a log-linear 
sentence ranking model by maximizing three metrics of sentence 
goodness [15]. 
The DUC datasets contain news articles from various sources 
like Financial Times, Wall Street Journal, Associated Press and 
Xinhua News Agency. The 2002 dataset comprises 300 
newspaper articles on 30 different topics and for each article we 
have a 100 word human written abstract. The DUC 2007 dataset 
comprises 250 articles for the update task and 1125 articles for 

                                                                 
6 DUC url: http://duc.nist.gov/ 

70



the main task, part of the AQUAINT dataset7; the articles are 
grouped in clusters and 4 NIST assessors manually create 
summaries (of 100 or 250 words) for the documents in the 
clusters. As training data we used the DUC 2002 articles, as well 
as the DUC 2007 main task articles, while the DUC 2007 update 
task articles were used for testing. We extracted triplets from the 
training and test data, and learned which triplets appear in the 
summaries. If we order the classified triplets by the confidence 
weights of their class we obtain a ranked list of triplets. In order 
to build the summary of a document, we trace back the 
sentences from which the triplets were extracted. 
The summarization process, described in Figure 6, starts with 
the document semantic graph. The three types of features 
abovementioned are then retrieved. Further, the triplets are 
classified with the linear SVM, and then the sentences from 
which the triplets are extracted are identified, thus obtaining the 
document summary. The summary length is interactively 
determined by the user, for an enhanced visual analysis. As 
sentences have an associated SVM score (the one of the triplets 
extracted from the sentence), the summary will be composed of 
those sentences that received the highest score. In order to keep 
the summary readable, we maintain the same sentence ordering 
that appears in the original text. Because the training data was 
formed of newspaper articles, we expect the results to generalize 
to other news corpora, as well as Wikipedia articles. 
 

 
Figure 6. The summarization process. 
 

5. VISUAL ANALYTICS CHALLENGE 
The Visual Analytics challenge proposes a set of 4 mini-
challenges, which combined form an overall challenge, 
concerning a fictitious, controversial socio-political movement. 
The datasets provided to solve the challenges are synthetic: a 
blend of computer- and hand-generated data. As a starting point, 
the organizers offer background material for both the overall 
challenge and the individual challenges in the form of a 
Wikipedia article page accompanied by discussions related to 
the article content.  

                                                                 
7 AQUAINT url: 

http://www.ldc.upenn.edu/Catalog/CatalogEntry.jsp?catalogId
=LDC2008T25 

The visual analysis techniques that we have described 
throughout the paper are very useful in exploring the documents 
provided as a starting point, that is, the Wikipedia article 
describing the “Paraiso Manifesto”, as well as the discussion 
page. By applying the pipeline components to these documents, 
we get an insight on the main issues mentioned in the text. The 
list of facts for the two documents, their associated semantic 
graphs and document summaries offer a good starting point for 
data analysis. 

 
Figure 7. A semantic sub-graph generated from the 
Wikipedia Discussion page, under “POV Pushing”. 

 
Figure 8. A semantic sub-graph generated from the 
Wikipedia Discussion page, under “Distinctive Doctrines”. 
 
We have shown a sub-graph obtained from the Wikipedia article 
describing the “Paraiso Manifesto” movement (see Figure 5). 
The other sub-graph is centered on the “Ferdinando Catalano” 
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node (not shown entirely in the figure). We have also generated 
semantic graphs for the Wikipedia discussion page on the 
“Paraiso Manifesto”. We also show two sub-graphs obtained by 
processing the text under “POV Pushing” and “Distinctive 
Doctrines” (Figure 7 and Figure 8 respectively). Figure 9 shows 
an example of two document summaries, generated based on the 
Wikipedia Discussion page. The first two-sentence long 
summary was obtained from the “POV Pushing” sub-section, 
whereas the latter summary corresponds to the “Distinctive 
Doctrines” sub-section. 
Thus we can use our system as a first step in solving either the 
overall challenge or the sub-challenges, by analyzing the 
documents provided as background material. 
 

 
Figure 9. Two document summaries obtained by processing 
parts of the Wikipedia discussion page. 
 

6. CONCLUSIONS 
In this paper we presented a document visualization technique 
based on semantic graphs. We showed that this technique can be 
applied not only to the original document, but also to its 
automatically generated summary. Each of the system 
components were detailed, starting with the semantic graph 
generation pipeline composed of named entity recognition, 
triplet extraction and enhancement, semantic graph construction, 
and concluding with the document summarization process. The 
runtime of our approach mainly depends on the document size 
and sentence complexity. The main bottleneck is represented by 
sentence parsing, which we intend to overcome by using a faster 
parser. 
Regarding future improvements, we aim at extending the system 
by adding several components such as a more sophisticated 
named entity recognizer module, and a new triplet extraction 
module. To further refine the document overview through 
semantic graphs and summaries, we intend to integrate external 
resources that would enhance the semantic representation, as 
well as the document summary.  
Based on the feedback obtained from several users we can 
conclude that the presented document visualization using 

semantic graphs is promising and can be helpful for the user. 
However, more experiments evaluating the usefulness of the 
proposed visualization approach are needed for firm 
conclusions. 
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ABSTRACT
While many clever techniques have been proposed for visual anal-
ysis, most of these are “one of” and it is not easy to see how to
combine multiple techniques. We propose an algebraic model ca-
pable of representing a large class of visual analysis operations on
graph data. We demonstrate the value of this model by showing
how it can simulate the analyses performed by several groups on
the Catalano family cell phone call record data set as part of the
VAST 2008 challenge.

1. INTRODUCTION
As visual analytics has gained importance as a field, there have

been many impressive systems constructed and many clever tech-
niques invented to support visual analysis of large data sets. From
an application perspective, the ultimate measure of any technique
or system has to be how effective it is in the context for which it is
designed – does it support the derivation of the desired analytical
results. While such a holistic measure may be the ultimate objec-
tive, from an engineering perspective, it is useful to break this down
into pieces. Perhaps there are aspects of multiple systems that are
each superior in their own way – how can we maximize learning
from other systems and integration of novel techniques from mul-
tiple projects.

To enable this sort of integration, we propose an algebra for vi-
sual analysis, with a small number of fundamental operations. The
design of specific systems can then be viewed as supporting spe-
cific expressions in this algebra. We can mix and match ideas from
multiple projects by manipulating these algebraic expressions. Fur-
thermore, we can devise new analysis path by making (often small)
changes to these algebraic expressions that are harder to devise at
the system level without the algebraic abstraction.

The set of operations in the algebra depends very much on the
type of data to be analyzed. We restrict our attention to data that
is naturally represented as a graph, with attributes on nodes and on
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personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
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VAKD’09, June 28, 2009, Paris, France.
Copyright 2009 ACM 978-1-60558-670-0 ...$5.00.

edges. We describe our data model in Sec. 2.
Given a very large graph, the primary impediment to its visual

analysis is size. There are two major ways in which size can be re-
duced, selection (retain only nodes/edges that satisfy a specified
predicate) and aggregation (merge nodes/edges that are in some
equivalence class). In Sec. 3, we develop an algebra that formally
specifies these operators, and a few additional required “house-
keeping” operators.

In Sec. 4, we demonstrate the value of this algebra by showing
how it can represent the analyses performed by several researchers
on one of the problems in the VAST 2008 challenge [4, 14]. Addi-
tional analyses enabled in our algebraic framework are illustrated
in Sec. 5.

2. MODEL
We start by defining the appropriate data structure: let {D(t) =

[G(t), X(t)]}t∈T denote a collection of graphs and their attributes,
indexed by a finite set T ; in the case of the motivating application
the index set corresponds to time and T = {1, 2, · · · , 10}. Fur-
ther, G(t) = (V (t), E(t), A(t)) is the observed graph at time t,
with node set V (t), edge set E(t) and weighted adjacency ma-
trix A(t). The associated attribute structure X(t) is comprised
of three components: X(t) = [XV (t), XE(t), XG(t)], where
XV (t) contains node attributes (e.g. in- and out-degree in the moti-
vating application), XE(t) edge attributes (e.g. edge betweenness)
and XG(t) graph attributes (e.g. diameter). It should be noted that
node attributes can be either intrinsic or computed. For example,
geographic location or educational level of the nodes correspond
to intrinsic attributes, whereas degree or clustering coefficient are
computed ones. The same applies to edge and graph attributes.

In order to obtain computed attributes, it is assumed that there
exists a collection of functions F = {FX ,FG}, relevant to the vi-
sual analytics problem at hand. Functions in class FX are used for
computing quantities of interest from the intrinsic attributes. Such
functions are defined as follows: f ∈ FX : R

|V | → R
q , with

1 ≤ q ≤ |V |, where | · | denotes the cardinality of the underly-
ing set. Examples of such functions include sorting an attribute,
where q = |V |, calculating the max or the min of the attribute
q = 1, quantizing (binning) the attribute in which q corresponds to
the number of prespecified bins, etc.

3. ALGEBRA
We start by introducing the main operators in the algebra, which

include aggregation A and selection S. All operators in this algebra
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take a set of graphs as input and produce a set of graphs as output.
Therefore, the algebra is closed with respect to the operators we
define, and compositions of primitive operators can be used to con-
struct compound operators (or expressions) in this algebra. In our
analysis of cases studies (see Section 4) we argue that most visual
analytics tasks can be captured by expressions in this algebra.
Set Selection: Given a collection of graphs and their attributes, D,
a set selection applied to it, based on a predicate α, is written as
σα(D) = {G ∈ D|α(G) = TRUE}. Observe that the selection
predicate is evaluated independently for each element graph of the
set, and the entire graph is either retained or discarded depending
on the truth value of this predicate.
Element Selection: This is a basic filter based on a selection predi-
cate that is applied to individual components of each element graph
in the given collection of graphs. The cardinality of the collection
remains unchanged, but each element in the collection is potentially
reduced to a smaller graph. Recall that a graph may have a set of
attributes X = [XV , XE , XG]. An element selection S takes as
argument a predicate on either XV or XE , and accordingly selects
either nodes (and incident edges) or edges, respectively, in each
graph, if it satisfies the specific predicate. Notice that the predi-
cate is evaluated on the entire data structure D. Formally, we have
D′ = S(D|Xi = τ), where D denotes the input data structure on
which the selection operator is applied to, Xi = τ the generic pred-
icate and the value that it is evaluated at, and finally D′ the output
data structure.

An example of an application of the selection operator is using
the computed node degree for the Catalano phone call network as
the underlying predicate, setting a high threshold in order to get the
subgraph of most active members of the movement.
Set Aggregation: We can union the sets of nodes and aggregate the
sets of edges in each partition ,Di, of D after we have partitioned
it using a grouping function of your choice. Given a collection of
graphs, Di, a set aggregation applied to it, based on a predicate β,
is written as ϕβ(Di) = {⋃i Di|β(Di) = TRUE} for some i ∈
{1, · · · , n}. The aggregation predicate is evaluated independently
for each set, and the entire set Di is either contained or discarded
in the aggregated set depending on the truth value of this predicate.

An example related to the Catalano network is aggregating the
daily data structures Di, i = 1, 2, · · · , 10 to a couple of them cov-
ering the periods of days 1-7 and 8-10, respectively (for a justifi-
cation see Section 4). Another example would be to cluster similar
nodes according to some of their characteristics.
Element Aggregation: This operator includes summations, counts
and averages. In addition, we allow sampling as a form of aggre-
gation that returns a subset of elements sampled according to the
specified mechanism. Formally, we have D′ = A(D|Z), where
D, D′ are defined as above and Z is either an attribute or the graph
itself that is being aggregated. The following is the element aggre-
gation operator: D′ = A(D|Z) =

⋃
i{Xi ∈ D|Xi = Z}, where

Xi = Z is a generic predicate.
Graph Partitioning: This operator is the "inverse” of aggregation
with disjoin subsets. Each graph element of D is partitioned into
multiple subgraphs based on the value of appropriate predicates,γ,
defined or computed on its nodes and edges. Pγ : D → {D1, · · · ,Dn},
where Di

⋃Dj = ∅ for all i �= j. γ is the partitioning predicate. It
evaluates independently for each element of the set and assign it to
its own subclass.

An example related to the Catalano network is using the cell
phone tower locations to split the network into three disjoint sets
for tracking the geographical movements.

In addition, for accomplishing the visual analytic task we intro-
duce a visualization operator V whose role is to provide a visual

representation of the underlying data structure of interest. The visu-
alization operator can take various forms, including different ways
of laying-out graphs [8], e.g. force-directed, hierarchical, hyper-
bolic, and also presenting the attribute data (e.g. histograms for
numerical attributes, bar-graphs for categorical ones, etc...). In ad-
dition, it is assumed that the visual operators can be composed and
thus produce multiple and possibly linked displays. Note that V
is not an operator in the algebra, in that it does not have the closure
property – it is a special operator, applied last, and used to create
visual presentations. Its output is not a collection of graphs.

In order to accomplish the required visual analytic task, we need
to apply multiple operators in sequence. In the presentation of
the case studies, several such sequences are introduced and ana-
lyzed. Specifically, the final finding will usually be the results of
a sequence of selection and aggregation operators; formally, the
data structure D� from which the finding is obtained is given by
D� = S(S(A(...A(D|Z)))).

4. ANALYSIS CASE STUDY
We analyze the workflows of the Cell Phone Mini-Challenge

from VAST 2008 [4]. This challenge requires analysis on a set
of 400 unique cell phone call records over a ten-day period to learn
the Catalano social network structure. The data set includes 9834
phone records with the following fields: calling phone identifier, re-
ceiving phone identifier, date and time, duration, and the cell tower
of the call origin. A map is also provided to show the rough loca-
tions of the cell towers throughout the island region. The purpose
of the challenge is to identify the Catalano/Vidro social network at
day ten and to characterize the social structure changes throughout
the time period. The first part of the challenge requires identifying
Ferdinando Catalano, Estaban Catalano, David Vidro, Juan Vidro,
and Jorge Vidro. Along with the data, the challenge provides a lead
that Ferdinando Catalano is identifier 200. Also Ferdinando calls
his brother, Estaban, most frequently. Finally, we know that David
Vidro coordinates high-level activities and communications within
the network.

Most competition submissions interpreted the challenge infor-
mation as a static graph where nodes represent people and directed
edges represent a call transaction. Competition entries also trans-
lated the challenge clues into a graph interpretation. For example,
to find Estaban, a common method is to search within identifier
200’s neighborhood for the node X with the most number of edges
between 200 and X.

If we preprocess the data set to convert it from a multi-edge to
a simple-edge graph by merging common directed edges between
nodes and use a force directed layout on Cytoscape [1], we pro-
duce the following hairball network shown Figure 1. This graph
displays the entire ten day period data set with node 200 and its
neighborhood nodes magnified and colored black. We also com-
puted common metrics of the data set in Table 1. The entire time
period data set forms one connected component.

From this presentation of the network, it is impossible to com-
plete the challenge tasks. There are too many nodes and edges to
even grasp any of the attribute properties such as time, cell tower
location, or duration of the call. Of the 22 competition entries,
we analyze and interpret into our framework the workflows of two
winners: MobiVis and GeoTemporalNet.

4.1 Case Study 1: MobiVis Entry
The first workflow we analyze through our framework is from

the MobiVis entry [11]. MobiVis is a visual analytics system for
social and spatial information. For social networks, MobiVis uses
graphs where nodes represent entities and edges represent a rela-
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Table 1: Data Set Network Properties
Measurement Value

Number of Nodes 400
Number of Edges 9834
Clustering Coefficient 0.02
Connected Components 1
Network Diameter 12
Characteristic Path Length 4.832

Figure 1: Hairball of entire dataset with node 200 and its neigh-
bors colored black.

Figure 2: Workflow.

tion or association. MobiVis filters on attributes and time to help
understand large data sets. We trace the data manipulation steps
used in MobiVis’ solution to the challenge. At stages which in-
volve human intuition and decisions based on visual interpretation
of a display, we formalize the method into our framework. Fig-
ure 2 shows the high level workflow. For each stage we provide the
analysis and algebraic representation of the data set and operations.
The algorithm overview below shows the algebraic expressions that
correspond to the workflow in Figure 2. In the following section we
describe each of these steps more thoroughly by incorporating the
MobiVis analysis.

Algorithm 4.1: WORKFLOW(Dataset)

1: Read in the original dataset.

D0 = {G = (V, E), XE = (Xdate, Xduration, Xtower)}

2: Compute node count.

XV count
G :

∑
i 1{Vi∈V }

D0 = {G = (V, E), XE , XV count
G }

3: Split dataset into ten days.

Pγ : D0 → D1

γ = date
D0, D1 = {D1

1, ..., D1
10}

4: Element select node 200 subgraph for each day.

D2 = S(D1|Xi = τ200)
τ200 = One of the neighbors of 200

D0, D1, D2 = {D2
1, ..., D2

10}

5: Set aggregation on days 1 - 7.

D3 = ϕβ(D1
i ) = {⋃7

i=1 D1
i | β(D1

i ) = TRUE}
β = days 1- 7
or element selection based on days 1-7

D3 = S(D0 | Xi = τ1−7)
τ1−7 = days 1- 7

D0, D1, D2, D3

6: Element select node 200 subgraph for days 1-7

D4 = S(D3 | Xi = τ200)
D0, D1, D2, D3, D4

7: Identify members
Estaban = maxi Xsymmfreq[i]
David = maxi Xfreq[i] = arg maxi{Xin + Xout}[i]
...

8: Repeat identification for days 8-10 data set.

At the first stage, the original data set is given by D0 = {G =
(V, E), XE = (Xdate, Xduration, Xtower)}, where the nodes rep-
resent the identifiers in the call records and edges represent call
records between identifiers. Xdate, Xduration, and Xtower are
intrinsic edge attributes, directly inserted from the original data
set. The choice between defining attributes as node versus edge
attributes depends on the application. For example, the duration of
a call is associated with a phone call transaction; therefore, duration
is more appropriate as an edge attribute.
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As we discussed earlier, it is impossible to answer the challenge
questions when we view the whole time period data set at once.
The MobiVis entry also sees this difficulty when they display the
original data set and provide a node count. To perform these actions
in our framework we call Display(G) using a suitable layout. We
can also compute a network attribute,XG, to represent the node
count. We compute this by first aggregating the number of nodes:∑

i 1{Vi∈V }. Next we store this as a network attribute XV count
G .

Based on the challenge hint, the MobiVis entry examines node
200’s properties and interactions separately for each day. Since the
original data set represents a ten day time period, a per day analysis
is a logical choice for further examination. To perform a split on
the original data set, we use partition operator Pγ : D0 → D1 =
{D1

1, ..., D1
10} based on the selection predicate γ = date.

Now we have the following collection of new data sets {D1
1, ..., D1

10}.
After creating new data sets, we must decide whether to re-compute
attributes. Intrinsic attributes carry over; for example, the dura-
tion of a call record does not change if the call record is placed in
a different data set. However, the number of nodes in each data
set changes. So we recompute the network node count attribute,
XV count

G1
i

for each new data set created.

MobiVis filters all nodes except for the neighborhood of node
200 in their per day examination. For a similar effect, we select
the subgraph for node 200’s neighborhood on each day’s data set.
Again we use the element selection operator with predicates D2 =
S(D1|Xi = τ200), where τ200 = {One of the neighbors of 200},
and produce the following set of graphs: D2 = {D2

1, ..., D2
10}. In

Figure 3 we display each of these neighborhood subgraphs. We see
that node 200 is active until day 8. On day 8, there is no communi-
cation and afterwards its call pattern changes. The MobiVis entry
realizes this conclusion by observing the total duration of calls per
day for node 200. In our framework, we produce this set of total
duration values by aggregating the duration of calls on the adjacent
edges to node 200 for each day data set and displaying the results.
This leads to the next stage in the workflow: consider the first seven
days and last three days separately.

At stage 3 of the flowchart, the MobiVis entry analyzes the first
seven days. Storing all previous data sets allows us now to create
a data set of call records between days 1 and 7. In our algebra
we can either merge days 1 through 7 data sets by set aggregation:
D3 = ϕβ(D1

i ) = {⋃7
i=1 D1

i | β(D1
i ) = TRUE}. Or we

can select the first 7 days from the original data set by element
selection:D3 = S(D0 | Xi = τ1−7) where τ1−7 = days 1 - 7 .
Both methods result in the following data set of days 1 through 7,
D1−7. Again, MobiVis zooms into the neighborhood of node 200.
We select the subgraph of node 200 in the days 1 through 7 data
set, D4.

In stage 5 of the workflow, MobiVis reaches a human readable
display of the graph and begins identifying the members of the
Catalano/Vidro network. Their identification at this point is done
by visually inspecting the graph. Assuming that 200 is Ferdinando,
they identify the brother by selecting the node in 200’s neighbor-
hood with maximum symmetric frequency. The symmetric fre-
quency for vertex i is defined as follows:

Xsymmfreq
1-7 = |(X1−7)in[i] − (X1−7)out[i]| where,

Xin[i] =
∑

j,j �=i

(A1−7)ji

Xout[i] =
∑

j,j �=i

(A1−7)ij

The maximum symmetric frequency is defined as a function on

Figure 4: Days 8-10 network and Catalano/Vidro subnetwork.
The days 1-7 social network identified are the dark grey nodes.
The white nodes represent the new social network with their
adjacent edges darkened.

X symm freq, where FXsymm freq : R
400 → R

1, for calculating the max
of the attribute. This results in node 5 identified as Estaban, Fer-
dinando’s brother. The challenge clue states that David is a highly
active member of the network. Therefore, MobiVis identifies David
by selecting the node with the maximum frequency:

arg max
i

Xfreq[i] = arg max
i

{Xin + Xout}[i].

Hence, node 1 is David. Once David and Estaban are identified,
the remaining two neighbors of node 200 are identified as Juan and
Jorge. There is not enough information to distinguish between the
two. In our framework, we find these nodes by selecting the next
two maximum frequency nodes in 200’s neighborhood subgraph:
D4. Juan and Jorge are identified as nodes 2 and 3.

4.1.1 MobiVis Days 8-10 Analysis

To determine the social structure after day 8, the MobiVis en-
try examines the data set of days 8 through 10 merged. This data
set is created similar to days 1 through 7 data set computed ear-
lier. The MobiVis entry hypothesizes that the elite members switch
phones after day 8. They support this hypothesis by searching for
a subgraph in the days 8 through 10 network which resembles the
200 neighborhood found in days 1 through 7. The difficulty here is
we cannot rely on the lead that node 200 is Ferdinando. To iden-
tify this subgraph, MobiVis visually inspects the days 8-10 data set
to remove nodes with low frequency of communication until they
identify a neighborhood similar to the subgraph of node 200 during
the first seven days. In our framework, we rank edges by frequency
of communication, and display the graph. Given this display, selec-
tions to remove lower frequency nodes can be iteratively performed
until we find a similar network. Figure 4 shows the subgraph Mo-
biVis finds on days 8 through 10, which they guess is the new Cata-
lano/Vidro network. The nodes in this subgraph are 309, 306, 360,
397, and 300. Visually they map the members of this subgraph to
the ones from days 1-7. We translate their visual mapping to our
algebra.

77



Figure 3: Node 200’s neighborhood through the time period.

From this subgraph MobiVis identifies David by visually select-
ing the node with the highest frequency of communication. This is
equivalent to a max frequency operation,arg maxi{X1−7}freq[i],
resulting in node 309. To find Ferdinando and his brother they
find the two nodes in this network with high symmetric frequency.
Ferdinando is identified as the node with connections to Juan and
Jorge which are mapped to 397 and 301 from visual inspection.
This method to determine the new subgraph in the days 8-10 data
set might be time consuming if the data set is noisy or contains sev-
eral possible subgraphs. We notice that David in days 1-7 has the
highest degree in the network. If we simply select the node in the
merged days 8-10 data set with the maximum degree, we can nar-
row the choices for possible subgraphs. After computing maximum
degree, arg maxi

∑
j,j �=i{A1−7}ij + {A1−7}ji, we find David is

node 309. On the days 1-7 data set, a selection of node 309 results
in null. This result might support the hypothesis that the phones
were indeed replaced after day 7.

In the days 1-7 data set, Estaban and David have the most number
of common neighbors. Again if we assume that the social structure
during days 1-7 remains similar for the new set of phones, we can
identify Estaban by selecting the node with the most number of
common neighbors with David. This computation is done by cre-
ating a new node attribute: common neighbors with node 309. The
common neighbor computation is the intersection of nodes in two
rows of the adjacency matrix. For each node we store its common
neighbors with the fixed node 309. We perform a maximum aggre-
gation operator on this attribute arg maxi{X8−10}common neigh. 309[i].
Estaban is node 306.

Now we can find Ferdinando since we know Estaban is his high-
est interactivity neighbor. The final mapping produced is David:
309, Estaban: 306, Ferdinando: 300, and Juan and Jorge: 397 and
360. The algebra in coordination with the display helps support

our hypothesis and decisions at each stage. While the MobiVis en-
try does a visual inspection to support their identification mapping,
providing the exact operation helps trace the stages in the workflow.

4.2 Case Study 2: GeoTemporalNet Entry
After the competition deadline, VAST never released correct an-

swers for the challenges. The reason for not publishing the answers
is to allow open interpretation of the data sets. In the above anal-
ysis, we see the interpretation of the data set given an analyst uses
MobiVis. However, other winning entries delivered different con-
clusions. The differences in tools and interpretation of the chal-
lenge hints lead to unique results for the same data set.

The challenge hints must be translated from a word sentence to
a network property. There was a different degree of open interpre-
tation for these hints. For example, the first hint that 200 might
be Ferdinando has a direct network interpretation: identify node
200 in the graph as Ferdinando. David’s hint is that he coordinates
high-level Paraiso activities and communications. This hint does
not have a direct network interpretation. What are considered high-
level activities? What does it look like in the graph to coordinate
these activities?

We present the GeoTemporalNet entry [14], also a winner, for
the cell phone mini-challenge. Instead of analyzing their workflow
from the start, we describe the differences in analysis and results
between GeoTemporalNet and MobiVis. As we will see, our al-
gebraic framework provides a superset of operations used by Mo-
biVis and GeoTemporalNet. We can use our framework as a linking
language between the two tools. Therefore, again we analyze the
steps, this time for GeoTemporalNet, within our framework.

The GeoTemporalNet entry used a combination of tools: JS-
NVA (Java Straight-line drawing Network Visual Analysis frame-
work) and TemporalNet. JSNVA is a software framework for net-
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Table 2: Identification of Catalano/Vidro Network
Member GeoTemporalNet MobiVis (1-7) MobiVis (8-10)

Ferdinando 200 200 300
Estaban 5 5 306
David 0 1 309
Jorge 1/2 2/3 397/360
Juan 1/2 2/3 397/360

work visual analysis in different applications. The GeoTemporal-
Net group developed TemporalNet within JSNVA to show commu-
nication patterns in call graphs. They use a static graph with nodes
representing people and edges representing calls for the social net-
work. Like MobiVis, they use force-directed graphs in their layout.

The first notable analysis difference between MobiVis and GeoTem-
poralNet occurs at stage 5 in the workflow: the identification of
David and Estaban. GeoTemporalNet finds David through a most
common neighbor element selection operation with node 200. They
apply this operator on the original data set, which includes the en-
tire time period.

Common neighbors(i, j) = N(i)
⋂

N(j) where,

N(i) = list of neighbors for vertex i

N(j) = list of neighbors for vertex j

The common neighbor operation is performed between a pair of
nodes in a graph. As described earlier, common neighbor finds the
intersection of two rows in the adjacency matrix. In this case, the
node pair is 200 and each of the other nodes in the graph. We store
a new node attribute for the number of common neighbors with
node 200. Then we apply a maximum function to return the node
with the most number of common neighbors. This function leads
GeoTemporalNet to believe David is node 0.

David = arg max
i

Common neighbors(i, 0) for all i ∈ V

where V ∈ D0

The challenge instructions never explicitly state that David and
Ferdinando communicate directly. During the ten day period, node
0 and 200 never call each other. MobiVis does not compute com-
mon neighbors between nodes. Also, they filter nodes to observe
only node 200’s neighborhood subgraph. Therefore, their tool can-
not identify node 0 as a possible result for David.

On the other hand, GeoTemporalNet does not filter the graph to
zoom into only node 200’s subgraph. In addition, they interpret
the challenge hint differently. As a result, MobiVis and GeoTem-
poralNet provide different answers. However, as we have shown,
our framework captures both methods and can arrive at both an-
swers. The limitations of the tool on the analyst’s interpretation are
removed.

GeoTemporalNet identifies the other members, Estaban, Juan,
and Jorge, similar to MobiVis’ method. These are a series of selec-
tions for the nodes with most frequent communication with node
200. Again they perform this operation on the original data set.

The final mapping GeoTemporalNet produces is: Ferdinando:
200, David: 0, Brother: 5, Juan and Jorge: 1 and 2. Figure 5
shows the identification differences between GeoTemproalNet and
MobiVis for the Catalano/Vidro network.

4.2.1 GeoTemporalNet Days 8-10 Analysis

GeoTemporalNet does similar per day analysis as MobiVis to

Figure 5: Mapping between MobiVis and GeoTemporalNet
networks.

discover node 200’s calling pattern changes after day 7. However,
GeoTemporalNet does not guess that the members replaced phones
to explain this pattern change. In their work, they assume that a per-
son is never assigned a new phone. Instead they hypothesize that
new members entered the Pareto movement. These new members
have equivalent roles as some of the high-level members identified
in the problem: Estaban, Jorge, and Juan. They support this hypoth-

esis by computing the Jaccard coefficient,J(i, j) = |N(i)
⋂

N(j)|
|N(i)

⋃
N(j)|

for any vertices i and j , of these new members with their member of
equivalent societal role. The Jaccard coefficient is a vertex similar-
ity metric to measure the structural equivalence between two nodes.
This metric is simply the number of common neighbors normal-
ized. The GeoTemporalNet entry does not state how they identify
the new set of members: 309, 306, 360, and 397; or their equiv-
alent role pair: (1,309), (5,306), (3,360), and (2, 397). However,
they compute and display the Jaccard coefficient for these pairs of
nodes. They state that the high Jaccard coefficient leads them to be-
lieve these pairs have equivalent roles; therefore, the later appearing
nodes may be replacements for the previous nodes.

In our framework to produce the same support we do the follow-
ing operations: First we create a Jaccard coefficient attribute for
the following node pairs: (1,309), (5,306), (3,360), and (2, 397).
Since we are not interested in computing the Jaccard coefficient
for all node pairs in the graph, we can create a set of network at-

tributes for these node pairs, X
common neighbors(i,j)
G for all i and j in

set Ω = {(1, 309), (5, 306), (3, 360), (2, 397)} where G ∈ D0.
After analyzing the MobiVis and GeoTemporalNet entries, we

see two different workflows. Our algebraic framework captures
both methods and is also capable of filling in the intuition gaps
with algebraic operations.

5. NEW FINDINGS
Of course, the algebraic model we propose is capable of repre-

senting analyses beyond the specific examples studied in the pre-
ceding section. In this section, we present one such analysis in-
stance, showing a new analytic finding on the Catalano data set,
one that was not reported by any of the teams participating in the
VAST08 challenge.

5.1 Social Structure
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Figure 6: Edge betweenness for the original network .

On each step of the algebraical model, we compute graph related
attributes for the set of graphs and denoted as XG. Among all the
computed metrics, the most important attributes for identifying the
social structure are edge betweenness and clustering coefficient [2].

The edge betweenness is defined as Bu = g(i,u,j)
g(i,j)

, where g(i, u, j)

is the number of shortest paths between vertices i and j that pass
through edge u, g(i, j) is the total number of shortest paths be-
tween i and j, and the sum is over all pairs i, j of distinct vertices
[2, 9] .

The clustering coefficient is also known as transitivity [2, 9] ,
which is based on the following definition for an undirected un-
weighted network: C = NΔ

N3
, where NΔ is the number of triangles

in the network and N3 is the number of connected triples. There-
fore we have

NΔ =
∑

k>j>i

AijAikAjk

N3 =
∑

k>j>i

(AijAik + AjiAjk + AkiAkj)

are the elements of the adjacency matrix A and the sum is taken
over all triples of distinct vertices i, j and k. Since it assigns the
same weight for each triangle in the network, it can be related to
the clustering coefficient for each vertex, which captures the hier-
archical structure in the network.

According to the distribution of the edge betweenness [3] shown
in Figure 6, there is only a small number of edges suggesting im-
portant relationships in all the graphs. Further, almost all clustering
coefficients are small and low in transitivity, for all graphs during
the ten day period. The combination of these findings strongly sup-
ports the existence of a hierarchical structure within the Catalano
network.

5.2 Geographical location and movement
After the discovery of a change in the social structure after day

7, we examine the geographical location of the main actors in the
network, as well as their movement in the 1-7 day and 8-10 day
periods. The proposed framework can easily address such issues as
shown next.

Based on the map of Isla del Sueno, we decided to partition the
thirty cell phone towers on the island into three groups, represent-

ing the Upper, Middle and Lower sections of the island. This can be
accomplished by applying an element aggregation operator to the
towers’ location. Since one of the available attributes corresponds
to the cell tower used by the phone call’s originator, it is possi-
ble to track the caller’s movement throughout the ten day period.
However, due to the finding of a hierarchical network structure, we
focus on the leadership group formed around Ferdinando.

We start by selecting the nodes corresponding to the leadership
group for each day i. Specifically, D̃1

i = S(D1
i | Xi = τ),

where τ = subset of {1, 2, 3, 5, 200, 300, 306, 309, 360, 397} for
day i = 1, · · · , 10. Notice that for not all members of the leader-
ship group made phone calls on every day. However, some broad
patterns emerge from our analysis, as shown in Figure 7. It exhibits
the geographic location of the leadership group at different days.
The plots are constructed based on the bipartite graph defined by
the caller’s ID and the grouped (Upper, Middle, Lower) location
of the cell tower employed. Further, the length of the edges is
weighted by the call frequency of each node for that day; hence,
shorter edges indicate a more active call pattern with regards to the
tower under consideration, and longer ones a less active pattern.

It can be seen that on day 2, Ferdinando is located in the Mid-
dle section of the island, while his brother Esteban and Juan in the
Upper section. This pattern holds for days 1-7. On the other hand,
a more mobile pattern emerges for days 8-10 (operating under the
assumption that node 300 is Ferdinando , 306 is Esteban, 309 is
David, etc. For example, it can be seen that although Ferdinando
remains stationary in the Middle of the island, Esteban moves from
the Upper section in day 8 to the Middle section in subsequent days,
while David shares his time between the Middle and Lower sec-
tions on days 8-9, but stays in the Lower one on day 10.

Figure 8 summarizes the location changes of selected members
of the leadership group throughout the ten day period. The follow-
ing conclusions can be reached.

• The person with IDs 200 and 300 is Ferdinando Catalano.
He spends the entire ten day period in the Middle section of
the island.

• Ferdinando’s brother Estaban Catalano, corresponds to IDs
5 and 306. He spends most of his time in the Upper section
of the island for the first eight days, while for the last two
days he moves to Middle section and is co-located with his
brother.

• David, a rather active member of the Catalano network, has
IDs 1 and 309. He spends the first seven days in the Middle
section, but starts visiting the Lower section on days 8 and 9
and stays there the entire length of day 10.

• A similar pattern to David’s emerges for Juan and Jorge that
exhibit more movement after day 8.

Our analysis provides additional insight on the location and move-
ments of the leadership group of the Catalano network. It is worth
noting the increased activity of several members (but not Ferdi-
nando) over the last three days. Nevertheless, without additional
information, it is hard to assess the significance of these movements
regarding the activities of the network.

6. RELATED WORK
As the VAST Challenge demonstrates, there are several visual

analytic tools with different capabilities for geospatial activity and
behavior, text processing, and social network analyses. We fo-
cus on just a few references that particularly deal with the visual
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Figure 7: The location changes for elite members in Catalano family.

Figure 8: The individual geographical movement.

analytics of graphs. In [13], a human-centric design approach is
adopted to create a tool for descriptive graphs, while in [12] infor-
mation about the local topology of a graph is captured in a signa-
ture that aids exploration of graphs. In [6], interactive exploration
of networks is undertaken through enhanced layouts, while in [10]
semantic and structural abstractions are used for analyzing social
networks. Data traffic is explored through network maps in [7] and
Internet routing changes in [5]. A key point to observe is that while
there are several systems that have been very effective in provid-
ing better support for visual analytics of network data in a partic-
ular application context, no one has attempted to develop a formal
foundation on which to construct such systems. This is what we
aim to do. Thereby, we hope to be able to support a broad range of
applications rather than just one.

7. CONCLUSIONS
With our proposed algebraic model we can represent a large

class of visual analytic operations on graphs, as we demonstrated
through analysis of the VAST 2008 cell phone mini challenge. For
future work, we plan to consider the computational issues involved
in efficiently implementing our model and issues involved in incor-
porating this framework into a tool.
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problem of too many colors by only displaying prominent
patterns.

Figure 10: Heidi image of MigrantBoats data set
over subspace EncounterCoords

The aim of the mini VAST 08 challenge is to use visual an-
alytics to explain migration patterns during the years. For
this, we generated a set of Heidi images for various mean-
ingful, correlated subspaces to understand the patterns; as
these images generated over selected subspaces can give more
patterns than the Composite Heidi image. As the number
of clusters = 2, the Heidi images predominantly have 4 color
blocks.

Heidi image over EncounterCoords attributes: Fig-
ure 10 is the Heidi image of the data set obtained by or-
dering points based on subspace {EncounterCoordsx, En-
counterCoordsy}. It is interesting to see a partial overlap
between the clusters (see blocks at positions (1, 2) and (2,
1)); Interdiction C1 completely overlaps with Landing C2;
implying there are a few points in Landing C2 whose landing
coordinates are spatially closer to those of Interdiction C1
cluster points. There are solid blocks of green color towards
the bottom of the diagonal in cluster Landing C2. This indi-
cates well separated small groups of EncounterCoords which
spatially form a dense area of close coordinates.

Heidi image over Passenger, NumDeaths attributes
Figure 11 is the Heidi image obtained by ordering points
based on subspace {Passengers, NumDeaths}. For the clus-
ter blocks, there is a strong multi-color diagonal and between
the clusters too, there is an overlap (the color strip).

Composite Heidi Image over 1-D and 2-D subspaces:
is generated and is shown in Figure 12. The color legend of
a few prominent sets of subspaces is shown in the Figure 12
due to space limitations. The Composite Heidi Image is not
symmetric because of the presence of categorical attributes
(in spite of mapping them to integers); ordering the points
in Heidi Matrix based on subspaces of categorical attributes
needs to be addressed to resolve this.

Figure 11: Heidi image of MigrantBoats data set
over subspace Passengers, NumDeaths

Figure 12: Composite Heidi image of MigrantBoats
data, with color legend

4.3 Real-life data set: NBA data set
Heidi is used to visualize NBA players’ data set. The data
set contains the average match statistics and has five at-
tributes: {Average number of minutes played per match,
Average field-goals made, Average free-throws made, Av-
erage rebound per match, Average points per match}. The
5-D data set has 310 player entries. The Heidi images of this
data set for various subspaces are shown in Figure 13. From
the images, three clusters and noise can be observed. These
images are obtained by changing the point-order along the
rows and columns based on the cluster spiral ordering tech-
nique based on distances computed over various subspaces.
This is done with the purpose of analyzing how informative
are the attributes.

Figures 13(a,b,c,d) are computed based on the single dimen-
sional subspaces {Avg mins}, {Avg field goals}, {Avg free
throws}, {Avg rebound}. Figures 13(e,f,g,h) are computed
based on the two-dimensional subspaces {Avg mins, Avg
field goals}, {Avg free throws, Avg rebound}, {Avg mins,
Avg free throws} and {Avg field goals, Avg rebound}. Fig-
ures 13(i,j) are based on subspaces {Avg mins, Avg field
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goals, Avg free throws, Avg rebounds} and all the dimen-
sions (original dimensional space). It can be observed that
for Heidi images obtained by ordering points based on single-
dimensional subspaces, the visualization helps in identify-
ing the overlap between clusters (the color strips in all the
inter-cluster blocks). Subspaces {Avg field goals} and {Avg
free throws} have no clustering structure, as can be seen in
the Figures 13(c) and 13(d), there are color strips between
all inter-cluster blocks. That is, all the clusters overlap
with each other along these two subspaces. Figures 13(a,e)
though look similar, have subtle differences in the promi-
nence of color along the diagonal. Same is the case with the
pair of figures 13(e,g) and (f,h).

5. RELATED WORK
Evaluating the data set before decision-making is crucial to
ensure accurate operations. Good visualization systems are
needed to help the user in making timely decisions.

Early visualizations: Earlier techniques visualize data
projected on 2 and 3 dimensions. The 2 or 3 dimensions are
chosen based on their ‘usefulness’ or ‘importance’. Multi-
dimensional scaling and principal component analysis are
other techniques where data is transformed into a lower di-
mensional space, which makes it easy for visualization. The
problem with transformed domains is that it is not clear
what the new transformed dimensions mean; there is no se-
mantic information of these.

Gray-scaled distance matrix image: Another technique
to visualize data was to visualize the distance matrix by bin-
ning the distance values in 255 bins. Each bin is associated
with a gray-intensity (ranging from 0 to 255). Depending on
the image format, the range could differ; for example, ppm
format supports a range of 0 to 65536.

Distance matrix is an n×n matrix, each cell (p, q) represent-
ing the distance between the points p and q. The distance
matrix so computed is normalized and all the values are mul-
tiplied with 255 (or the highest intensity based on the image
encoding format) to obtain the corresponding gray-scale in-
tensity. The closer the points are to each other, the lesser
the distance between them. Hence, the gray intensity tends
towards the extreme. The distance matrix image is informa-
tive even if the data is high-dimensional, because it is only
the distance that is taken into consideration, not the indi-
vidual dimension values, though it does not give any insight
on the subspace structure in the data.

Heidi vs. Gray-scaled Distance Matrix: Heidi is in-
spired from the gray-scaled image of a distance matrix used
to visualize clusters. The traditional gray-scaled distance
matrix is used to represent the distances calculated using all
the dimensions in the data set. Heidi uses distances com-
puted in all subspaces and then semantically defines close-
ness relationship between the points using kNNs. It uses this
definition to identify closer points in all the subspaces and
displaces them using a (R, G, B) color model; color being
used to bring out the subspace structure in the data set.

Generalized Association Plots [6]: Generalized associ-
ation plots use correlation matrices to obtain a two color
intensity visualization. Correlation φ is applied over the

initial proximity matrix (the proximity matrix could be a
correlation matrix to start with; attribute correlations or it
could be a distance matrix of a data set), and correlation is
re-applied on the new matrix and so on. A series of visu-
alizations are obtained, as each visualization seems to form
a step in a virtual hierarchical clustering algorithm based
on correlation coefficient. Ordering the attributes along the
rows and columns, if the proximity matrix is an attribute
correlation matrix is discussed in detail, with a few ranking
strategies.

The paper mentions that there is no way of displaying re-
lationship between the points and the set of attributes; on
the contrary, Heidi does effectively show the structure of
points when considering various sets of attributes. The aim
of Heidi differs from that of Generalized Association plots;
Heidi emphasizes on subspaces (sets of attributes) and how
points are structured in various subspaces.

VISA [3]: The existing literature on subspace clustering
does not provide a visualization of results. VISA is a first
step towards subspace clusters visualization, though it uses
Multi-dimensional scaling across various subspaces. It is
built to visualize subspace clusters and the subspace cluster
hierarchy obtained from a subspace clustering algorithm de-
veloped by them. VISA only displays subspace clusters and
their interaction across various subspaces as cluster-overlap
(member set intersection: overlap of two clusters C1 and C2
= (C1 ∩ C2)) across subspaces. It does not give informa-
tion if the two clusters C1 and C2 geometrically overlap in
the Cartesian coordinate system. Also, it does not have any
spatial relationships between points (both inter-cluster and
intra-cluster) across subspaces.

The objective of these systems is different from that of Heidi’s;
Heidi encompasses closeness between points across all the
subspaces. Heidi irrespective of the clustering results, dis-
plays the overlaps based on kNNs across subspaces. In any
case, Heidi is a utility for visualizing high dimensional data
based on subspaces and it could also use the results ob-
tained from subspace clustering algorithms in visualization.
For example, by using color dial and k dial, different aspects
of subspace relationships and depth of the relationships can
be visualized.

6. SUMMARY
Heidi Matrix displays the overlap of clusters in high dimen-
sional data across various subspaces. Such images help us
to place the clusters of high dimensional data with respect
to one another. In particular, Heidi visualization system:

1. Generates two dimensional images for higher dimen-
sional data sets.

2. Presents nearest neighbor proximity information among
data points.

3. Presents spatial overlap among clusters in various sub-
spaces.

4. Presents all this information for analysis in a single
Heidi image.
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Our experimental results on synthetic and real data sets
show the spatial relation (in subspace) among clusters of
high dimensional data sets. In our on-going work, we are
addressing efficiency aspects of generating Heidi images over
large higher dimensional data sets.
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(a) Subspace {Avg. mins} (b) Subspace {Avg. field goals}

(c) Subspace {Avg free throws} (d) Subspace {Avg rebound}

(e) {Avg. mins, field goals} (f) {Avg free throws, rebound}

(g) {Avg mins, free throws} (h) {Avg field goals, rebound}

(i) {4-D subspace} (j) All dimensions subspace

Figure 13: Heidi images of NBA data set for differ-
ent Subspaces
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