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1 Introduction

“Words. Words. Words.”

- Information visualization provides a tool for exploring and
- Hamlet, William Shakespeays;

understanding information. While some information is inher-
ently spatial (e.g. atmospheric temperature samples), much is
b not. Visualizing thenon-visualrequires mapping the abstract
Abstract to the physical. Perhaps, the most common and widely-used

Information visualization focuses on the use of visual meandorm of abstract information is free-form text. From the earli-
for exploring non-visual information. While free-form text is €st days of human writing, through the popular plays of
a rich, common source of information, visualization of text is Shakespeare, to the current Information Age, free-form text
a challenging problem since text is inherently non-spatial. iS integral to human communication. Text is among the rich-
This paper explores the use of implicit surface models for vi-€st and largest sources of information consumed, produced,
sualizing text. We describe several techniques for text visualand analyzed by humans. Hence, text is a prime potential
ization that aid in understanding document content andsource for applying visualization techniques. Text visualiza-
document relationships. A simple method is defined for maption uses visual metaphors for analyzing and understanding
ping document content to shape. By comparing the shapes @ontent and relationships in text documents. For example,
multiple documents, global content similarities and differenc- document or corpus content might be mapped to shape, and
es may be noted. In addition, we describe a visual clusteringnter-document relationships might be represented as a net-
method in which documents are arranged in 3D based uporvork graph. By specifying and controlling a useful visual
similarity scoring. Documents deemed closely related blendmapping, text visualization can be used to better understand
together as a single connected shape. Hence, a document coflocument content and relationships.

pus becomes a collection of shapes that reflect inter-document In this paper, we describe several new techniques for text
relationships. These techniques provide methods to visualiz&isualization. First, we define a simple method for mapping
individual documents as well as corpus meta-data. We thefflocument content to shape. By comparing the shapes of mul-
combine the two techniques to produce transparent clusterdiple documents, global content similarities and differences
enclosing individual document shapes. This provides a way tanay be noted. In addition, we describe a visual clustering
visualize both local and global contextual information. Final- method in which documents are arranged in 3D based upon

ly, we elaborate on several potential applications of thesesimilarity scoring. Documents deemed closely related blend
methods. together as a singtmncept shapeHence, a document corpus

. . . L ) L becomes a collection of concept shapes. These techniques
Keywords: information visualization, text visualization, pro- - nrqyide methods to visualize individual documents as well as
cedural visualization, _|mpl_|C|t surfa_ce moo_lelmg, blobb_y mod- corpus meta-data. We then combine the two techniques to
els, document clustering, information retrieval, graphics, usefyroqyce transparent clusters enclosing individual document

interfaces shapes. This provides a way to visualize both local and global
] contextual information (“focus+context”). In addition to
The George Washington University, Department of EECS, describing these visualization techniques, we briefly discuss
Washington, DC, 20052. {rohrer, sibert}@seas.gwu.edu several applications that seem useful for these methods.
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Department, 1000 Hilltop Circle, Baltimore, MD 21250. models to generate flexible, procedural shapes. We believe

ebert@cs.umbc.edu that procedurally-generated shapes pose an interesting and



useful alternative for representing abstract spaces such as These examples of text visualization use shape and spatial
text. By procedural modelingwe mean techniques that use arrangement for depicting document content and relation-
algorithms and code segments to dynamically generateships. Corpus analysis yields pertinent information that is
abstract, and encode model detail [10, 12]. Such approachesrganized and presented as visual and spatial representations.
provide a flexible, dynamic framework in which a small set Interaction with the resulting visualizations allow further

of parameters may be used to control the generation okxploration and understanding.

detailed models. The domain of text visualization entails a

very large multi-dimensional space. Appropriate selection of2.2 Implicit Surface Modeling

a small set of representative parameters of this large space

can be used to procedurally control the dynamic generation Impllcrl]tt su:ace mOde"tf‘g II? a erX|bIe,d pqucedclijral i
of very complex, detailed models and shapes without an@PProach to shape generation. 1t uses an underlying density

unwieldy, many-to-many parameter mapping. In addition,ﬂeld to represent volumetric information that can be modeled

since visualizing text requires mapping the abstract to the?S @ collection of procedurally-generated density field

physical, procedural modeling provides a nice interface forSources. Using procedural control, this den_S|ty field can be
providing this layer of abstraction. evaluated to produce amorphous, generalized shapes that

exhibit interesting animation and blending effects. These
“organic” shapes may be viewed volumetrically (volume ren-
2 Related Work dering) or by finding an iso-surface of interest. Implicit sur-
2.1 Text Visualization face models are also known as blobby models, metaballs, or
. o o . soft objects. See [2, 3, 18, 25, 26] for further details. Figure 1
~ Even though text-based information is ubiquitous, a lim- gpq\ys'several examples of shapes produced by implicit sur-
ited number of text V|suaI|zat|on' approaches have Proventace models. Any information that can be mapped to a den-
useful: .P.roblems'stem from mapping a non-spgnal entity IntOsity field may be modeled using these techniques. A nice
an artificial physical space. Meaningful mappings often are, onerty of these models is that the underlying source fields
QOmam and appllgatlon dependent. To be useful, text wsual—may be simply summed and blended without detailed knowl-
ization must provide superior ways for humans tol analyzeedge of the processes that generated them. In this way, very
and understand large document sets. As COrpus size groWgegperate entities can be combined using a common density
visual clutter produced by visualization often confuse and¢aiq model. (If desired, complex warps, blends, and con-

obscure meaning. Such general issues make effective ©ctive solid modeling operations can also be used when
visualization difficult but intriguing. Given the large, rich combining field sources.)

abundance of text-based information, finding effective visual-
ization methods is important.
Several text visualization systems are particularly interest-

ing. Themescapes presents corpus themes in the form of geo-

graphic terrain or mountains (literally, a landscape of themes)

[24]. Text documents are analyzed to produce a theme sum-

mary that is mapped to peaks and valleys of a 3D terrain. The

DEPICT system visualizes text documents using underlying

context vectors and Kohonen Self Organizing Maps [16, 22].

It uses neural networks for learning context of word usage

and how regions of high-dimensional space map into pro-

jected 2D regions. Visually, the clustered document space is

represented as a 2D grid of circular nodes with color and size

used to show document properties. Acquaintance/Parentage

uses n-gram analysis for language-independent categoriza-

tion of text documents and arranges them as a 2D proximity

graph to show document relationships [7, 8]. Stereo Field

Analyzer (SFA) has been used to show a clustered document

space as a 3D scatterplot using stereo [11]. The VIBE system

also visualizes document similarities by arranging nodes in

measured proximity to fixed spatial reference points [17, 19].
MIT’s Galaxies of News provides a rich 3D information

space in which to navigate, explore, and find news items
within a thematically clustered space [21].

Figure 1: Shapes produced by implicit surface
models



3 Blobby Text Visualization represent document content. Our document vectors summa-
Lo _ L . rize word occurrence in documents and how these words
Using ideas from text visualization and implicit surface ye|ate 1o other documents in the corpus. While n-gram analy-
modeling, we have developed several technique for visualizgis has the advantage of language-independence, we feel

ing text by mapping document content and relationships t0here are many advantages of using linguistic-based analysis
blobby models. We sometimes refer to the resulting V|sual-(i.e_ semantic meaning). Since we wish to apply our docu-

izations aslobby text Implicit surface models are attractive | ant model to applications in information retrieval, word
since they use a generalized, procedurally-generated 3D dem'chunking“, rather than pattern “chunking”, seems more use-
sity field to represent shape. Shape modeling is achieved by | 4nq meaningful. In analyzing document content, we
controlling the generation and evaluation of these densityignore “stop-words” that provide little contextual meaning

fields. To visualize text, we map text document and Corpus, g 4o not currently use word stemming. In fact, we view our
chara_lcte_ristics to a density field representation. From thisjocument analysis process as minimal and choose to concen-
density field, we can generate generalized shapes. trate on the visualization aspects. (A better document analy-
Humans are quite adept at perceptual visual cues and regs engine could easily be substituted.) Given a corpus, we
ognizing subtle shape differences. In fact, it has been showlyanerate representative document vectors for each document
that humans can distinguish shape during the pre-attentive el as an overall corpus vector. The dimensionality of this

psychophysical process [20]. (Humans are pre-wired foryecior space corresponds to the total number of unique words
understanding and visualizing shape. Visualization is baseq)ccurring in the entire text corpus. (Hence, it is a very high

upon harnessing these skills of shape perception.) We hope tgmensional space that is commonly greater than 1000

take full advantage of these perceptual skills by generatingyimensions.) Each document vector is specified in terms and
shapes in a dynamic manner. Hence, we chose to use implicfimensjonality of the overall corpus vector. The document
surface modeling for shape generation. While mappingyectors are normalized with respect to the corpus vector to
selected characteristics of text documents to simple dens'%rovide a correlation with the overall corpus content. Figure
field representations may seem arbitrary and simple, its sim» op o an example document vector of N dimensions. (This
plicity provides for flexible shape generation. Since text is yo.ument has 202 occurrences of the word “hamlet” and 0

abstract and inherently non-spatial, a simple arbitrary spatial.c.;rrences of “java’.)
mapping results in no inherent loss of meaning. However, it

is incumbent upon the visualization designer to provide, dimension

reveal, or reinforce some meaning.

In the following sections, we describe two visualization 1 2 3 N-1 N
methods that use implicit surfaces for representing text. <\:Ac’)?1rndt 202 135| 0 | 8 6
These blobby text methods are used to visualize document _
content and document relationships. We then combine the *hamlet” “ophelia” ‘java” ‘slings”  “arrows”
two techniques to visualize both local and global contextual Figure 2: Document vector
information. ’

After generating document vectors for the entire corpus,
we perform a shape mapping for each document. One of the
Since text documents have no inherent spatial propertiesgommon problems in visualization is how to project mean-

visualizing the content of documents requires a spatial mapingful information from high-dimensional space into a man-
ping. We have defined a simple mapping in which significantageable, meaningful display space (i.e. 2, 3, or perhaps as
word occurrences in a document correspond to a representfhany as 7 dimensions). Techniques like multi-dimensional
tive 3D shape. By comparing the shapes of multiple docu-scaling, metric scaling, and factor analysis can be used to
ments, a high-level overview of document similarities and help guide this projection. In our current system, we simply
differences may be noted. Resulting document shapes may b&ort our document vectors in descending order of word occur-
further explored and compared by direct manipulation andrence. We select the top N occurring words in the corpus and
“spread-sheet” interaction [6]. In [9], researchers report usinguse this as the basis for sorting document vectors. (Here, for
superquadric ellipsoid surfaces for mapping multivariate data€xample, statistical analysis could be applied to determine
to representative glyphs and shapes. They control shape gethe N most influential or “best” occurring words as opposed
eration by interpolation. Our approach is related in conceptto the N “most” occurring words.) At this point, the sorted
However, we use implicit surfaces for shape generationdocument vectors reflect the relationship and weighting of
which provides a more flexible, procedural approach usinghOW each dimension contributes to the overall corpus con-
volumetric density fields. tent. The chosen N dimensions are then mapped to N equally
Like others, we use an underlying vector-space model tospaced directions in 3-space emanating from the origin of a

3.1 Document Visualization



sphere (Figure 3a). (The top N document dimensions correwords evenly about the sphere. However, one could use an
spond to these N directions in 3D.) In practice, we typically alternative layout algorithms that attempt to use words
choose 14 principal directions in 3D: the 6 main orthogonalsemantics to guide this arrangement.

3D directions (+X, -X, +Y, -Y, +Z, -Z axis) and also the 8 This process of mapping document vectors to spherically
directions that bisect each of the main axis quadrants. Whilearranged density field sources is repeated for each document
any value of N may be chosen, as N grows, less spacin@f interest in the corpus. Evaluating each document’s 3D den-
occurs between these principal directions. We define thesity field results in 3D blobby shapes that are based upon the
magnitude of the N spherical direction vectors to be linearlycontent of the underlying document. Each shape uses the
proportional to the document’s normalized word count for the same scale and modeling space and is based on the same N-
corresponding dimension. At the end of each one of these Nlimensional vector space model. For example, an upward
direction vectors, we place a spherical source field functionbulge in the “hamlet” direction on one shape corresponds to
which partially defines an implicit surface model (Figure 3b). the same upward “hamlet” direction on other shapes.

The N source fields populated about the sphere define a 3D In our implementation, we choose to use a blobby poten-
density field. We treat this procedurally defined density field tial field function derived by Blanc and Schlick that is flexi-
as an implicit surface model which can visualized using stan-ble, efficient, and has fixed decay distance [1]. (This function
dard methods for implicit surface rendering. Figure 4 shows agenerate densities ranging from 1.0 at its center to 0.0 at its
possible shape generated by evaluating the implicit surfacdoundary of influence.) To visualize, we evaluate the overall
model of Figure 3b. (Note that we show our examples in 2Ddensity field and compute an iso-surface (0.5 iso-surface)

for clarity but in practice use 3D.) using Jules Bloomenthal's polygonization method [4]. We
currently render the iso-surface polygons using VRML and
L display within VRML-enabled web browsers. Navigation and
! A R interaction with the resulting visualization is primarily per-
Q T ‘\;(' A formed through browser-supplied functionality. (This typi-
‘k\f»’ cally includes direct manipulation as well as common
" ‘,',". . _,' metaphors such as “fly-through” and “go-to”.) In addition,
o '.N:\ ) VRML provides a broad set of sensor capabilities that allow
’"lvl - one to define and add more interesting navigation and inter-
N action aids.
o Figure 5 shows a single text document visualized as
Figure 3: a) N principal directions b) implicit surface blobby text. The underlying document is a paper titled “Web-
model with N source fields based Information Visualization”. Consistent with the title,

the most frequently occurring words are “web”, “visualiza-

tion”, and “information”. These terms correspond to the three
main, extruding bulges that appear on the top, left, and right
portions of the shape. We may optionally choose to display
the corresponding terms at each end of the direction vectors

-

Figure 4: Implicit surface generation

use applicatiﬂns
Experience and intuition dictate that 14 directions may be . s
nearing the upper limit of practicality for arrangement of SRS - ‘
spherical source fields (depending on the extent of the
arrangement space). However, using greater than 14 princips
directions may be quite possible using alternatively shaped sue withy,
density functions (i.e. skeletal bones). Currently, we use iden '
tically sized spherical source functions at the end of every
vector. We could vary the radius of these source functions as
well. In ordering the principal directions, we currently use a  Figure 5: Blobby text document (“Web-based
fixed layout algorithm that attempts to spread high frequency Information Visualization”)

4 informati,
web-hased on

Ing, Viz, ‘17"%;3



Extending this approach to a set of documents, we camelated documents. Spatial proximity of documents is used to
compare document content by comparing a resulting set oshow similarities. Documents deemed to be very closely
shapes. To better inspect and compare multiple shapes, welated are shown as a cluster or connected shape that we call
use a spread-sheet style interaction method in which manipua concept shapeUnderlying implicit surface models auto-
lating one shape (document) triggers corresponding changesatically blend related documents as connected components.
(i.e. transformations) in all other shapes [6]. That is, if one
selects a single document shape and rotates it using standags
browser interaction tools, all other documents rotate in a cor
responding, synchronized manner. This insures that al
shapes maintain a consistent information space. (Spread
sheet interaction is currently implemented using VRML sen-
sors and routes.) Figures 6 and 7 show examples of multipl4
text documents represented as a collection of blobby tex
shapes. Documents with similar content will tend to have
generally similar shape. Documents with bulges or troughs i
the same direction exhibit common word usage. (For exam
ple, in figure 6, the shapes in the upper left corner and upp§g
right corner, each have a protruding bulge to the right which
corresponds to the word “information”.) While precise,
detailed analysis may not be possible with this method, wg
see this visualization approach as a broad overview for com
paring document content. We envision families of shapes thaj
correspond to families of document themes. Such familieq
may have overall similar shape but small local differences. In|
addition, these initial views might be used to initiate visual
queries or to link to underlying or related information.

Figure 7: “Spreadsheet” of blobby text documents

We use the same document vectors described in section
3.1 to represent a collection of text documents. A document
similarity matrix is computed by finding the dot-product
between each pair of corresponding document vectors. This
normalized similarity score provides a scalar value that repre-
sents how closely related each document is to the others. This
completely connected relationship graph of documents is
mapped to a corresponding mass-spring model in which par-
ticle locations correspond to document locations. Initially, the
particles (documents) are randomly distributed throughout a
specified arrangement region. A spring, representing a docu-

Figure 6: Multiple documents shown as blobby text ment relationship, is placed between each document pair. We
_ o use the pair’'s similarity score as a guide to establish the phys-
3.2 Corpus Visualization ical properties of the spring and make the spring rest length

A second text visualization method has been deve|Opeonroportional to the similarity score. Documents deemed to be
very similar will have spring properties that attempt to attract

for understanding and visualizing an entire corpus and asso- . i A .
ciated meta-data such as inter-document relationships. Thi'snaCh other while springs of dissimilar documents will attempt

technique employs a common document clustering algorithmto repel each other. Using this physically-based model with

and uses implicit surfaces to represent clusters of documentrsandom initial mass locations, we allow the physical simula-

deemed to be similar. Our approach is similar in concept toflon to run to completion or to a sufficiently stable configura-

the blobby clustering method reported by Gross and Col_tion. During this process, documents are pushed and pulled

leagues [13]. We use blobby clustering as a visual techniqué,nto a relative configgration that satisfies the physical proper-
for representing clusters (relationships and hierarchies) oF'eS of the mass-spring model. The final particle locations of



the simulation correspond to document locations with dis-
tance being inversely proportional to similarity score. This

physically-based clustering method is a common approach
used by others. An incremental method that is suitable for
interactive drawing is described in [7].

Once the physical simulation moves documents into a
meaningful arrangement, each document’s position is treated
as a location of a point source field of an implicit surface
model. A corpus of N documents will have N source fields
representing its corresponding blobby model. Using standard
implicit surface rendering, an iso-surface is found within the
global density field defined by the collection of N field
sources. A natural visual clustering of closely related docu-
ments is automatically created by the blobby model. Docu-
ments that are closely related, and hence closely located, are
blended together as a single connected component of th
implicit surface model. We often think of these connected
components as concept shapes, concepts or themes shared by
related documents. An entire corpus becomes a collection of
concepts represented with these connected components. Fig-
ures 8 and 9 show examples of using this blobby clustering
technique to visualize document relationships in two differ-
ent corpuses. In each example, the concept clusters are easily
visible. However, 3D interaction may be needed for full
examination. Figure 10 shows a close-up view of Figure 9.
The three documents clustered together in the foreground of
Figure 10 all discuss issues of nuclear energy. This automatic
blobby clustering approach highlights documents with simi-
lar concepts and reduces the visual clutter of individual docu-
ment glyphs. Another advantage is that humans are much
more adept at seeing continuous connected components as
opposed to evaluating distance relationships between discon-
nected objects. This method provides a global view of a cor-
pus and associated meta-data.

ﬁ:igure 9: Clustered documents (blobby clusters or
concept shapes)

Figure 8: Clustered documents (blobby clusters)

Figure 10: Close-up view of clustered documents in
Figure 9

3.3 Focus + Context

Local and global context is very important in producing
effective visualizations. We need to see and understand local
detail (focus) in context of global information. This desired
effect is known as “focus+context”. Distortion viewing (i.e.
fish-eye lens) is a popular approach to addressing this issue
[5]. We addresses it by combining our reported techniques of
document and corpus visualization (section 3.1 and 3.2) to
produce semi-transparent clusters enclosing individual docu-
ment shapes. The clustered concept shapes produced in cor-
pus visualization are rendered as semi-transparent shells
surrounding individual documents. The shapes of the individ-
ual documents within each cluster are based on their relative
content using the shape-generating method described in sec-
tion 3.1. Figure 11 shows a clustered collection of documents



shown with semi-transparent cluster shells and individual
document shapes. (Figure 12 is a zoomed view of Figure 11.
Figure 13 shows a detailed example of 3 documents. The tw{
that are clustered together are Shakespeare’s Rlakard |

and Richard 11l while the solitary document within its own
cluster is a document on information visualization (two
vastly different concepts from vastly different ages). By pro-
viding both semi-transparent cluster shells as well as individ
ual document shapes based on content, we achieve both log
and global context within the entire information space.

Figure 11: Semi-transparent clusters enclosing
document shapes

Figure 12: Zoomed view of figure 11 clusters

Figure 13: Information visualization cluster and
Shakespeare cluster (Richard II, Richard III)

4 Applications and Future Work

We view these early experiments in blobby text visualiza-
tion as very promising and are exploring numerous applica-
tions for these methods. The visualization components that
we describe can be used as a visual interface for underlying
information retrieval engines as well as for visualizing the
results of such systems. Queries might be constructed and
executed simply by marking, selecting, or brushing parts of a
blobby document surface. Results of such queries might be
visually highlighted across the corpus by using color, shape,
or texture changes in the surface. As information volumes
grow, data mining tools will likely need to rely on visualiza-
tion for supplying global context and will require tighter cou-
pling between query engines, knowledge bases, and
visualization. We think that visualization through procedural,
implicit surfaces may be suitable and attractive for such
applications. While clustering and multi-dimensional scaling
are often used to help visualize very large information spaces,
visualization techniques themselves may be used to help
explore and understand new clustering and scaling algo-
rithms.

Because implicit surface models exhibit interesting and
useful animation effects such as blending and deformation,
they seem conducive for visualizing time-varying informa-
tion. In fact, it would be interesting to visualize how a text
corpus and its relationships change over time. Since we are
currently using VRML for rendering, we can also embed
appropriate web hyperlinks throughout our blobby surfaces
which can serve as a very simple but useful information
retrieval mechanism. (In fact, we currently use a limited num-
ber of hyperlinks in our current implementation to link to
underlying documents.)

While blobby text visualization poses some interesting
possibilities, there are some important questions left to be
explored. To date, we have not performed a formal evaluation



or user study to determine how meaningful and useful thesevisualizing text. The power and flexibility of these underlying
techniques are. Blobby text needs to be compared with comprocedural models provides strong support for visualizing
peting analysis and visualization techniques to determine itabstract, non-spatial information such as text. Using these
applicability, utility, and scalability. As we refine and models, we have developed techniques for visualizing the
improve our visualization and document analysis compo-content of individual documents and for visualizing corpus
nents, we will perform a much more rigorous evaluation of meta-data. To visualize document content, we devised a sim-
these techniques. ple, but representative, mapping from content to shape. By
Perhaps, the most interesting direction for future work is comparing the shapes of multiple documents, overall content
to compute a hierarchy of document clusters (concept shapesjmilarities and differences may be noted. In addition, we
that map to multiple semantic layers of the information developed a visual clustering method in which documents are
space. In this approach, multi-resolution visual componentsarranged in 3D based upon similarity scoring. Documents
correspond to multi-resolution semantic concepts. By chang-deemed closely related blend together as single concept
ing the granularity of clustering or changing the iso-surfacesshapes that are easily observed. This provides a way of visu-
(concepts) computed, a nested, multi-level, hierarchy ofalizing an entire corpus and its meta-data relationships. By
related concepts could be created. From the highest-levetombining these methods, a third visualization technique is
view, the overall corpus would be seen with its main conceptproduced that provides both local and global context of docu-
shapes. As one dives in closer to specific clusters, morenents within a corpus. We are continuing to explore these
detailed views of sub-clusters (sub-concepts) would betechniques for text visualization, will expand their applica-
revealed. An appropriate viewing scheme could be devisedion to information retrieval and data mining, and will per-
such that one always sees two levels deep into the nesteidrm a rigorous evaluation of these techniques. While
hierarchy while simultaneously seeing the current level (Fig-visualizing text (visualizing the non-visual) remains a chal-
ure 14). If each of these nested shape layers correspond tenging problem, new approaches like blobby text appear
nested semantic information layers, information query toolspromising for providing insight and better understanding of
could adapt to appropriate levels of information detail at eachlarge text corpuses. To this end, the “shape” of Shakespeare
level. A hierarchical, multi-resolution clustering approach may be significant.
such as this would be very useful for providing “focus + con-
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