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The Museum of Modern Art is perhaps one of the most inter-
esting landmarks in Vienna, where SIGCHI 2004 Workshop of
“Ambient Intelligence for Scientific Discovery” was held. The
building is covered by walls and ceiling composed of thick slabs
of dark basalt stone cut at intervals by narrow vertical slits,
accentuating the monolithic effect of the entire volume.






Preface

For half a century, computer scientists have been working on systems for dis-
covering lawful patterns in letters, numbers, words and images. The research
has expanded into the computational study of the process of scientific discovery,
producing such well-known AI programs as BACON and DENDRAL. However,
autonomous discovery systems have been rarely used in the real world. While
many factors have contributed to this, the most chronic difficulties seem always
to fall into two categories: (1) the representation of the prior knowledge that
people bring to their tasks, and (2) the awareness of new context.

Many difficult scientific discovery tasks can only be solved in interactive ways,
by combining intelligent computing techniques with intuitive and adaptive user
interfaces. It is inevitable that human intelligence is used in scientific discovery
systems. For example, the human eyes can capture complex patterns and rela-
tionships, along with detecting the exceptional cases in a data set. The human
brain can easily manipulate perceptions (shape, color, balance, time, distance,
direction, speed, force, similarity, likelihood, intent and well-being) to make de-
cisions. This process consists of perception and communication and it is often
ubiquitous and autonomous. We refer to this kind of intelligence as ambient
intelligence (AmI).

Ambient intelligence is about human interaction with information in a way
that permits humans to spot interesting signs in massive data sources — building
tools that capitalize on human strengths and compensate for human weaknesses
to enhance and extend discovery capabilities. For example, people are much
better than machines at detecting patterns in a visual scene, while machines are
better at manipulating streams of numbers.

Scientific discovery is a process of creative perception and communication.
With growing data streams and the complexity of discovery tasks, we see a de-
mand for integrating novel digital media and communications (e.g., body media,
capsule cameras, WiFi, etc.) and opportunities for ambient intelligence to use
interaction methods that are usually taken for granted, such as perception, in-
sight and analogy. We want to search for solutions to interesting questions such
as: How do we significantly reduce information while maintaining meaning? How
do we extract patterns from massive and growing data resources?

This volume represents the outcome of the SIGCHI Workshop on “Ambi-
ent Intelligence for Scientific Discovery,” held in Vienna, on April 25, 2004. The
chapters in this volume were selected from the revised papers submitted to the
workshop and contributions from leading researchers in this area. The objective
of this volume is to present a state-of-the-art survey of studies in ambient in-
telligence for scientific discovery, including novel ideas, insightful findings and
ambient intelligence systems across multiple disciplines and applications. The
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volume is published for graduate students, senior undergraduate students, re-
searchers and professionals. Therefore, extended references are provided in each
chapter.

The contents in this volume are organized into three tracks: Part I, New
Paradigms in Scientific Discovery; Part II, Ambient Cognition; and Part III,
Ambient Intelligence Systems. Many chapters share common features such as in-
teraction, vision, language, and biomedicine, which reflects the interdisciplinary
nature of this volume.

I. New Paradigms in Scientific Discovery. Processing massive data has
been a bottleneck to modern sciences. In Chap. 1, “Science at the Speed of
Thought,” Devaney et al. describe a virtual laboratory that is designed to ac-
celerate scientific exploration and discovery by minimizing the time between
the generation of a scientific hypothesis and the test of that idea, and thereby
enabling science at the speed of thought. In Chap. 2, “Computational Biology
and Language,” Ganapathiraju et al. present a breakthrough approach that en-
ables exploitation of an analogy between natural language and speech processing
techniques in computational biology. In Chap. 3, “Interactive Comprehensible
Data Mining,” Pryke and Beale present their interactive data mining system
that helps users gain insight from the dynamically created virtual data space. In
Chap. 4, “Scientific Discovery Within Data Streams,” Cowell et al. present the
architecture of a next-generation analytical environment for scientific discovery
within continuous, time-varying data streams.

II. Ambient Cognition. Understanding how people sense, understand and
use images and words in everyday work and life can eventually help us design
more effective discovery systems. In Chap. 5, Leyton reviews his theory of “Shape
as Memory Storage”, addressing shape description over time. Leyton’s theory
has been used in more than 40 fields, such as radiology, metrology, computer
vision, chemical engineering, geology, computer-aided design, anatomy, botany,
forensic science, software engineering, architecture, linguistics, mechanical engi-
neering, computer graphics, art, semiotics, archaeology, and anthropology, etc.
In Chap. 6, Hubona and Shirah investigate how various spatial depth cues, such
as motion, stereoscopic vision, shadows and scene background, are utilized to
promote the perceptual discovery and interpretation of the presented imagery
in 3D scientific visualization. In Chap. 7, “Textual Genre Analysis and Identifi-
cation,” Kaufer et al. present a knowledge-based approach for encoding a large
library of English strings used to capture textual impressions and report on a
study of a popular textual genre — the technology review. The expert system in-
corporates contextual information, e.g., culture, emotion, context, and purpose,
etc., which is different from many prevailing methods such as machine learning
or statistics. In Chap. 8, “Cognitive Artifacts in Complex Work,” Jones and
Nemeth use acute care and scientific ethnographic field studies to show how cog-
nitive artifacts can be used to grasp the nature of cognitive work in uncertain,
complex, technical work settings. This front-end research is aimed at optimizing
distributed cognitive work.
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III. Ambient Intelligence Systems. Ubiquitous sensors and communica-
tion technologies not only can assist scientific discovery, but can also catalyze
new sciences. In Chap. 9, “Multi-modal Interaction in Biomedicine,” Zudilova
and Sloot investigate the practical deployment of virtual reality systems in the
medical environment. They explore the multi-modal interaction of virtual reality
and desktop computers in Virtual Radiology Explorer. In Chap. 10, “Continuous
Body Monitoring,” Farringdon and Nashold describe a personal and continuous
body monitor that is one of the few examples of ambient intelligence devices
commercially available today. This also brings challenges to sciences: for exam-
ple, how do we extract the interesting patterns from a continuous body monitor?
From this example we can see how the research scope has been extended from
laboratories to homes and in vivo. In Chap. 11, “Ambient Diagnosis,” Cai et al.
explore Ambient Diagnosis that is based on traditional Chinese medicine (TCM).
The case study shows how to map the visual features on the tongue into a vector
of numbers. In Chap. 12, Tanz et al. describe methods for location mapping in
a wireless local area network (WLAN) and applications in social sciences. The
system cmuSKY developed by the authors has become a public online resource
for scientific discovery. In Chap. 13, “Behavior-Based Indoor Navigation,” Abas-
cal et al. present a method for motor fusion using ambient information from the
environment. Indoor robotic navigation has been an active subject because of
applications in assisted-living, such as smart wheelchair control, guidance for
the visually impaired, or indoor assistance of the elderly. Finally, in Chap. 14,
“Ambient Intelligence Through Agile Agents,” O’Hare et al. explore agile agents
as a key enabler for the realization of the ambient intelligence vision.

We are deeply indebted to all the authors who contributed papers to this
volume; without this depth of support and commitment there would have been
no meaningful product at all. We acknowledge the members of the program com-
mittee, all those involved in the refereeing process, the workshop organizers, and
all those in the community who helped to convene a successful workshop. Spe-
cial thanks go to Judith Klein-Seetharaman, Peter Jones, William Eddy, David
Kaufer, Yongxiang Hu, Bin Lin, and Vijayalaxmi Manoharan for their contribu-
tions to the workshop and this volume. Thanks to the external reviewers Howard
Choset, Lori Levin, Susan Fussell, and Tony Adriaansen for their comments on
the manuscripts. Thanks to Teri Mick for assisting the volume editing and Sarah
Nashold for assisting the book design. This project is in part sponsored by NASA
grant NAG-1-03024 and National Academy of Sciences (NAS) grant T-37.

Pittsburgh, October 2004 Yang Cai
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1 Introduction

Scientific discoveries occur with iterations of theory, experiment, and analysis.
But the methods that scientists use to go about their work are changing [1].

Experiment types are changing. Increasingly, experiment means computa-
tional experiment [2], as computers increase in speed, memory, and parallel
processing capability. Laboratory experiments are becoming parallel as com-
binatorial experiments become more common.

Acquired datasets are changing. Both computer and laboratory experiments
can produce large quantities of data where the time to analyze data can exceed
the time to generate it. Data from experiments can come in surges where the
analysis of each set determines the direction of the next experiments. The data
generated by experiments may also be non-intuitive. For example, nanoscience
is the study of materials whose properties may change greatly as their size is
reduced [3]. Thus analyses may benefit from new ways to examine and interact
with data.

Two factors will accelerate these trends and result in increasing volumes of
data:

— CPU speedup: as companies strive to keep Moore’s law [4,5] in effect
— Computer architecture speedup: as all computers benefit from architecture
advances in high end computers.

Figure 1 gives an overview of how these impact problems [6]. These factors
make computers ever more capable and increase the move to computational
experiments and automation.

But a third factor offers a partial solution: graphics speedup. Computer game
enthusiasts are funding a fast pace of development of graphics processing units
(GPUs) [7,8]. The use of these GPUs in the support of science makes the future
world increasingly computational, visual, and interactive.

We believe that representation and interaction drive discovery, and that
bringing the experiments (computer and laboratory) of science into an interac-
tive, immersive, and collaborative environment provides opportunities for speed
and synergy. Adding traditional data analysis, machine learning, and data min-
ing tools, with multiple representations and interactions can speed up the rate

Y. Cai (Ed.): Ambient Intelligence for Scientific Discovery, LNAI 3345, pp. 1-24, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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A Note: Improvements due to both
hardware and algorithms.
(1) Yesterday's unsolvable problem
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Fig. 1. Transition of solving important problems from unsolvable to solvable on your
laptop.

of exploration and lead to new insights and discovery. Creating an environment
that is efficient, general and flexible enough to work well across a wide variety
of scientific applications is at the heart of our Virtual Laboratory (VL) design.

In section 2, we describe the VL we are building at NIST to address these
issues. In section 3, we describe some applications. We present conclusions and
future work in section 4.

2 The Virtual Laboratory

The VL needs to be efficient, general, and flexible, but it also needs to be able to
get applications into it quickly in order to speed up the process of science and not
burden it. Representations and interactions of many types need to be available
and easily accessed. To accomplish this, our design consists of the following
components:
— A distributed computing environment that provides the communication fab-
ric of the VL,
— An immersive visualization environment that provides representation, inter-
action, and collaboration capability in the VL,
— A suite of tools for machine learning and analysis.

We will discuss each of these in turn.

2.1 Distributed Computing Environment

An important part of the VL is the capability of users to interact with their data
sources, analysis programs, and their experiments, either computer experiments
or laboratory experiments, from any of the supported VL access points (see Fig. 2
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for a schematic). Examples of access points are the immersive visualization sys-
tem or a remotely connected workstation. For the purposes of this discussion,
data sources and analysis programs will be subsumed under computer experi-
ment. The interactions range from viewing the status of their currently running
experiment, or the results of a prior experiment, to providing feedback to the
experiment in order to alter or restart the experiment. To provide this range
of access requires a framework that enables communication between the user,
the experiment, the visualization, and possibly with other collaborators actively
interacting with the experiment.

Analysis
Tools
Computer 7} Laboratory
Experiment Experiment

Y
\ Network available repository

of data and events

A

Y

Immersive
Visualization

Fig. 2. Schematic of Distributed Computing Environment. Each component may also
access other data sources.

The VL uses what is generically referred to as a coordination framework to
provide a loose coupling between all participating entities of an experiment. The
coupling is loose in that participants, that is, laboratory experiment equipment,
computer simulations, visualization systems, user interfaces, and any other con-
nection to the VL, can choose whether or not to utilize this coupling and can
connect and disconnect from it at any time without disrupting the system. The
VL distributed computing framework is implemented using the Java technology
of Jini and JavaSpaces [9] [10]. Both of these packages, Jini and JavaSpaces,
are available as pure Java implementations and so are portable to any system
that supports a Java virtual machine, which includes systems running Linux,
Microsoft Windows, and most Unix based operating systems.

Jini provides support for a form of distributed computing that explicitly
handles common issues that arise in a distributed (networked) system, such as
intermittent network outages and server crashes. Support includes automatic
discovery of services available on the network, active leasing of services to help
maintain current service information and to purge services that no longer exist,
and distribution of events to remote applications to allow applications to com-
municate asynchronously and to react to expected or unexpected developments.
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JavaSpaces is a specification for a Jini service that provides a coordination
framework in the form of a tuple space. The concept of a tuple space was first
introduced in the early 1980s by computer scientists David Gelernter and Nick
Carriero, within the context of the programming language Linda [11] [12]. This
is referred to as a coordination framework since it allows a loose collection of
applications, linked over a common network, to communicate asynchronously.
This communication is so loosely coupled that the applications do not need
to be running, or even exist, at the same time. To take the possibilities to an
extreme, application A can send a message that is ultimately to be read by
application B (and possibly others) which has not yet been written and will
run on a machine that has not yet been built. When application B receives the
message, application A, and the machine it ran on, may no longer exist.

There are many ways to describe the purpose and use of a JavaSpace. The
concept of a coordination framework is a good high-level description. At a lower
level, a JavaSpace can be thought of simply as a shared memory space, accessible
from any machine on the network and addressed using an associative lookup
rather than by memory address. Objects stored in a JavaSpace are instances of
classes in Java that have a few special characteristics needed to support storage
and retrieval from the JavaSpace. So the associative lookup uses the Java class
type system to identify objects to be written or read from the JavaSpace. This
is a very robust addressing scheme, compared to using raw memory addressing
or simple string matching, since it ensures that you receive an object of the
correct type when you read from the space. These objects can store any type
of information that might be needed by the applications. It is also possible to
maintain structures of objects in a JavaSpace, such as a linked list of objects,
a tree of objects, or an array of objects. Objects can also simply be markers,
holding absolutely no data, but giving information simply by their existence or
non-existence in the JavaSpace.

In the VL, a JavaSpace is maintained to allow for the coordination of exper-
iments, visualizations, and interacting collaborators accessing the VL through
their workstation or other supported interface device. Typical information stored
in the VL JavaSpace includes experiment parameters, current status of an ex-
periment such at the latest time-step of a computer simulation, or latest result
from a laboratory experiment.

Of course, applications need not be written in Java to participate in the VL.
In fact, it is expected that most computer simulations will likely be written in
Fortran or C/C++, and most participating laboratory devices will likely not
have direct network access. In Jini, applications and devices that are not capa-
ble of participating directly, either because of insufficient resources to run a Java
virtual machine, or because they are closed systems, can still participate through
the use of a surrogate [13]. These surrogates allow the application or device to
participate by performing as a communications gateway to the Jini/JavaSpace
network and also performing any computation needed in the process. The com-
munication between the surrogate and the Jini/JavaSpace network uses the stan-
dard Jini/JavaSpaces protocols. The communication between the surrogate and
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the application or device uses an appropriate private protocol, unique to each
application or device.

Although a JavaSpace is not expected to store objects that include large
volumes of data, such as Gigabyte output and input files typically used in large
experiments, it can be used to coordinate access to such files. An object in the
space can represent such a file, giving status information about the file such as
size and time written and allowing for the retrieval of the file contents over the
network. A Remote File service (RFS) has been developed to handle this need
in the VL. Applications can read and write large files within the VL if they need
them to be available, normally for visualization and for feedback in the case of
experiment input files.

The looseness of the coordination framework, together with the use of Java-
Spaces, Java and Jini provides the communication fabric of the VL robustness
and generality. Implementing this way means it is easy to include things. Thus
it also provides speed of implementation.

This Jini/JavaSpace based remote file service was developed as part of a
related project, Screen Saver Science (SSS) [14], which provides a distributed
computing environment for general scientific computing. In SSS, applications
utilize otherwise idle processors to complete compute-intensive tasks within a
distributed algorithm and use RFS for large remote file input and output. As
with the participants in the VL, machines participating in SSS can join in the
SSS system to compute tasks at any time and can leave at any time without
disrupting the overall operation of SSS. Although this is called Screen Saver
Science, there is actually no screen saver application within SSS, but screen
savers are sometimes used to help determine when to join SSS and when to
leave (other techniques are also used).

2.2 Immersive Visualization Environment

The second component of our VL is an immersive visualization (IV) environment
(IVE). IVE is widely used across government, industry, and academia [15]. Tt is
also increasingly used to great advantage in scientific visualization [16,17,1].
“By immersive virtual reality we mean technology that gives the user the
psychophysical experience of being surrounded by a virtual, that is, computer-
generated, environment. This experience is elicited with a combination of hard-
ware, software, and interaction devices. Immersion is typically produced by a
stereo 3D visual display, which uses head tracking to create a human-centric
rather than a computer-determined point of view [16].” Thus, users interact
with “things rather than pictures of things [18]” because the three dimensional
data models reside in the same physical space that the user occupies. This en-
ables the user to move around and to view the objects from different angles,
to understand physical relationships in an natural way, and to interact directly
with the objects in the environment in much the same way that he or she would
inspect an apparatus or a sample in the laboratory. Of course, in a virtual en-
vironment, the user is not limited to normal physical interactions. Objects in
the immersive environment are completely mutable; the user can make objects
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transparent or invisible, change the scale of objects, move through objects at
will, and so on.

IVE provides a true three-dimensional (3D) view of data. But IV provides
more than another dimension. Because our natural habitat is 3D, we bring with
us into the IV environment all our understanding of relationships in a 3D world.
So we do not have to try to understand the relationships we see. We comprehend
them naturally.

The IVE is also a scientific instrument like any other. It requires multiple
types of calibration and specialized software, for example. But it is also a scien-
tific instrument unlike any other. While it is a finite physical space defined by
the physical setup, it is also an infinite virtual space where we can wander indef-
initely. It is up to the visualization scientists to decide what to put in the space
and how to arrange it. Things at very different scales or types can be placed side
by side. For example, a nanostructure can be placed next to a plot of one of its
properties. In fact, immersive visualization is where scientific visualization and
information visualization [19] can be joined.

Our philosophy for the IVE is similar to the philosophy for the distributed
computing environment. It is loosely coupled. In this context, we mean we do
not have a single monolithic program but rather a collection of small programs
that can be snapped together to create new programs. Each small program is
good at doing one thing well. All are designed to work together.

There are three ways we join programs together:

— UNIX [20] pipes and filters for creation and transformation
— Dynamically Shared Objects (DSO’s) for functionality
— scenegraph objects for simple placement.

This gives us the generality, flexibility, and speed that we need for the VL.
We have four main categories of tools:

. IV Infrastructure software

IV Representation Software

. IV Scene Interaction Software
. IV Collaboration Software

O R

We will discuss each of these in turn.

IV Infrastructure Software. This is software to get visualizations into the
IVE and interact with the IVE hardware. We use as our base software the open
source software DIVERSE [21] in our IV environment. It uses OpenGL Performer
[22] to create a scenegraph that places the objects in the immersive environment.
That means that anything that can be loaded into Performer can be immediately
loaded into the IVE. It also means that getting a data set into the IVE may
require writing a simple filter to convert one file format to another. New file
loaders can be written and we have created some for special needs.

IV Representation Software. In the context of an IVE, representation refers
to the process of transforming raw data into a visual geometric format that can be



Science at the Speed of Thought 7

viewed and manipulated in the IVE. Representation is an important component
for learning. The key to enabling scientists to quickly and easily visualize their
scientific data in an immersive environment is to develop useful tools to help
convert raw data to immersive data. We have designed our system to use our
own representations but also to take advantage of representations computed by
other packages. For these tasks, we have created a Glyph Toolbox to easily create
our own geometry, and we have built software to convert the output of other
packages to a form that can be displayed in the IVE.

Glyph Toolboz: The Glyph Toolbox is a set of programs to create and manipu-
late three-dimensional objects in a format readable by a variety of visualization
programs. Glyphs are visual symbols used to convey information based on ap-
pearance or position. Simple glyphs include bars on a bar chart and dots on a
statistical plot. The Glyph Toolbox is a set of three-dimensional glyphs both
complex and intuitive enough to convey information to a wide audience, while
simple enough to generate geometry from scientific data.

The purpose of the Glyph Toolbox Project is to build a collection of indi-
vidual Unix style command line programs. Each program accomplishes a single
task to create or manipulate geometry that can be used to build a polygon based
virtual environment. A series of individual UNIX style simple commands can be
combined to create objects, and then scale, color, rotate, and/or translate them
to a particular specification. The tools (command and filters) output an ASCII
based file that is machine and rendering independent. The actual display of the
ASCII files is handled by converting the output polygon file into a format suit-
able for display by a viewing program, such as DIVERSE/diversifly, VRML,
Open Inventor [23], etc.

The Glyph Toolbox has a wide range of applications. It has been used to
create traditional glyphs for displaying data, such as error bars, menu items, or
logos. More complex examples include transforming molecular data, i.e. positions
of atoms in a grid, into a three-dimensional display of a crystalline structure, as
in Fig. 3. Each atom is represented by a Glyph Toolbox sphere, scaled, colored,
and put in its proper place in the crystal.

SAVG Format and Converting Other Package Output: Currently under devel-
opment is another type of Performer-based file format, called the SAVG format
(named after our research group, the Scientific Applications and Visualization
Group). Unlike the Glyph Toolbox file format, which was developed to help cre-
ate original objects for visualization, the SAVG format was initially developed as
a conversion format to allow data from a variety of scientific modeling packages
to be used in our immersive visualization environment. The SAVG format has
been enhanced since its origin with features to solve issues with transparency,
lighting, and efficiency, and has grown into a very robust format for our virtual
laboratory. Geometry can be defined using polygons, lines, points, and triangle
strips. Polygons can be converted into their corresponding wire frame objects,
or individually shrunk for better viewing. Examples of visualizations using the
SAVG format are shown below in Figs. 4 and 5, which demonstrate SAVG ca-
pabilities in transparency, as well as the shrinkage effect.
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Fig. 3. A nano-structure of gold and copper atoms. Visualization is created with the
Glyph Toolbox.

Fig. 4. Use of transparency and shrinkage in the SAVG file format to display isosurfaces
of electron density of a water molecule.

In order to visualize data as quickly as possible, it is important to use what
has already been done. To this end we use other software to create a variety
of representations. For example visualization packages such as openDX [24] and
VTK [25] easily generate representations such as isosurfaces. Output from these
packages is converted to our own format and loaded into the IVE via DIVERSE.
See Fig. 6 for an example of a set of isosurfaces visualized this way.

We can get data into the IVE quickly, once we have created converters from
the format of outside software packages to a format that our environment rec-
ognizes. But the software packages providing the data need not be visualization
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Fig. 5. Use of transparency to display polymer scaffolding.

Fig. 6. Bayesian reconstruction of a circuit with an electromigration void. Visualization
is via nested transparent isosurfaces.

packages. Representation is key to learning and any way to convert a data set
to another representation may increase our insight. See section 2.3 on Machine
Learning.

IV Scene Interaction Software. For efficient scientific exploration, it is im-
portant to have user interaction that is both easy to set up and easy to modify.
It is also important that the software work on a wide variety of platforms.
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A variety of different graphic displays and input devices can be used with the
DIVERSE graphics interface by the use of separately compiled and loaded Dy-
namic Software Objects (DSOs). By plugging in one of many DSOs for graphics
display, for example, the same visualization programs can be used on desktop,
laptop, or full three-dimensional immersive systems.

Individual DSOs are also used to add new functionality to our visualization
software system. Our group has developed a wide range of DSOs that allow a
user to interact with the objects he or she is viewing. This includes functionality
to move objects around, select individual objects or sets of objects and assign
functionality to the selected objects, interact with outside software programs,
bring data into the system, send data out of the system, and load or unload
objects during a visualization.

Individual DSOs can be loaded to add simple functionality to a scenegraph,
such as adding a particular light source or an object to represent a pointer for
the user to select objects. Our wandPointer DSO for example, is loaded with
the objectMover DSO, as shown in Fig. 7, to allow a user to select an object
and then move it with the movement of the wand.

Fig. 7. Demonstration of the objectMover and wandPointer DSOs.

Another set of DSOs that allow a user to take a look inside an object is
particularly useful for viewing large sets of volume data. Figure 8 below demon-
strates the clipWand DSO. Through the use of shared memory, a user can enter
shell script commands to an accompanying program, hev-clipwand, to specify
up to 6 different clipping planes that are defined with respect to the direction
and position of the wand. The wand is a hand-held device and its position is
continually tracked by this system. This enables the user to interactively po-
sition the clipping planes in real time in order to reveal the interior detail of
three-dimensional data sets. These clipping planes can be turned on and off in-
teractively during a visualization. Volume data can also be manipulated with
DSOs that edit lookup tables, making only objects within certain color ranges
visible, for example.

A DSO known as objSwitchExec has evolved to give functionality to the
objects of a scenegraph. When selected, an object can be assigned the function
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Fig. 9. Use of menuing objects to turn on and off visibility of data, using the ob-
jSwitchExec and desktopWandHPR DSOs.

of turning on or off another object or itself, or executing a shell command to
interact with another DSO or an outside program. In this way, an internal menu
structure can be assembled, as in Fig. 9. Menu items can be selected which make
objects visible, initiate time simulations, define clipping planes, etc. Different
DSOs can be loaded to allow a user to select objects differently depending on
whether they are using desktop mode or are in a three-dimensional immersive
environment. For example, the desktopWandHPR DSO can be loaded to use
simple keyboard controls for object selection at the desktop.
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The objects themselves can be loaded or unloaded from a scenegraph during a
visualization with the use of the DSO, blink. Using an accompanying program, a
user can issue shell commands to load or unload objects, or make them visible or
not visible in the scene. By individually loading pre-compiled dynamic objects,
a user has access to a wide variety of combinations of functionality useful for
desktop, laptop, and full immersive systems.

IV Collaboration Software. Scientists rarely work alone today. A glance
at any current scientific journal shows the extent of collaboration as well as
how geographically distributed scientific collaborators are. Scientists need to be
able to enter and leave the VL at will and discuss results in the VL regardless
of distance. Collaboration in virtual environments (VEs) occurs when spatially
separated participants interact in the same VE.

A variety of collaborative VE’s have been built both for specific applications
and for more generic purposes. These systems include Crumbs [26-28], NICE [29,
30], LIMBO [31], Collaborative CAVE Console (CCC) [32,33], and D Atomview
[34]. In the future, it is hoped that participation in device-independent collabo-
rative VEs will become as simple and commonplace as today’s web browsers and
networked multi-user games. Challenges remain in the areas of standardization,
especially in the area of interface design, to minimize the learning curve for using
different VEs, and provide support for a plethora of hardware configurations.

At NIST we are building a framework for collaborative VE applications which
we hope will be a step towards this goal. Our work uses the DIVERSE VE library
and a modified and extended version of the collaborative tools currently available
with DIVERSE. DIVERSE was chosen because our group already has extensive
experience with this package, and DIVERSE’s open source license allows us to
build on prior work on collaborative VEs. Our system will also be open-source,
available for free download from our web site.

Our collaborative VE system will support both synchronous and asynchron-
ous applications, using a central server to provide persistence. The server will
keep track of the state of the VE, but not the application itself. Network com-
munications will be based on the Jini/JavaSpace distributed computing infras-
tructure described earlier. Each participant will load a collaborative dynamically
shared object (DSO) to communicate with the server, and will load different sets
of DSOs for the application based upon whether they are using a stereo head-
tracked immersive CAVE, a workstation, or a standard desktop Linux system.

Our system will use SGI's OpenGL Performer as its graphics engine. Per-
former is designed to provide optimal graphics performance in a platform inde-
pendent manner. It uses a scenegraph data structure to represent its graphical
elements, easily allowing modeling transformations which affect an entire sub-
tree. Since Performer and DIVERSE are written in C++, new classes have been
built to provide a data-driven graphical capability. For example, a node in a
scenegraph might contain a transformation matrix. A DIVERSE class can read
shared memory every graphics frame and update the matrix in the node based
on changes to the shared memory. In this way a simulation, or the collaborative
server, can directly modify the VE by merely updating data in memory. In fact,
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the simulation needn’t be written as a graphical collaboration. All it needs to
do is update shared memory.

Our system is designed to use as little network bandwidth as possible. For
example, the position of an object is given by six floating point numbers repre-
senting its location (X,Y,Z) and orientation (H, P, R Euler angles), and these
six numbers are updated only if the object actually moves. Six numbers can also
be used to specify the orientation of a node in a scenegraph (seven if a uniform
scale factor is needed), so complex animations can be achieved with minimal
data transfer.

Simulations also use shared memory as a data-passing mechanism, and multi-
ple simulations can read and write between themselves and the VE. Participants
in the VE will communicate with the simulations using shared memory too, so
the difference between modifications from a participant and from a simulation
is completely transparent.

Permissions and file loading/unloading will be handled using the Jini/Java-
Space distributed computing environment. This system will keep track of who
is allowed to do what, transfer and update data as needed, and handle problems
of resource allocations and conflicts. This functionality will be incorporated into
a DSO that will work in conjunction with the central server.

Additional DSOs will implement awareness tools that reflect the status of
the collaborative VE. For example, one DSO can display the relative position
of all participants in the VE on a two-dimensional radar display. DSOs can be
written to work best in an immersive environment or on a desktop, and users
can choose the DSOs that best suit their needs.

2.3 Machine Learning Tools

Representation is critical to understanding and learning. This is true for im-
mersive visualization, where productivity is dependent upon how well the data
is represented in the 3D world. Representation is also important for machine
learning. In that context, representation means the feature space of the data,
and the formalism for describing the data [35].

Finding the appropriate representation is important, but more than one rep-
resentation may be beneficial. A scientific paper uses multiple representations:
equations, plots, images, tables, diagrams, charts, drawings, and text. A scien-
tific presentation may also contain movies or animations of various types. All
of these are in support of communication of ideas. But these are also used by
scientists as they work towards their own understanding.

With the VL, different representations of data can exist side by side. They
can also be created interactively. Whatever aids understanding can be placed in
the virtual space.

Very large data sets present a challenge, even for visualization. Data sets
can be large in terms of the number of dimensions or the size of the dataset, or
both. While there exist techniques for viewing high dimensional data sets, such as
parallel coordinate plots [36], this may not be the best way to acquire knowledge
from the data. A different approach is to look for those dimensions that are most
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relevant and discard the rest. One recent winner of the Knowledge Discovery in
Databases competition reduced the number of features from the original 139,351
down to 4 features in his final model [37]. An alternate approach is summarizing.
For example, data can be clustered and the individual components can be studied
in various ways.

Machine learning tools can help with both dimension reduction and sum-
marizing. We use the Weka [38] implementations of many machine learning
algorithms. We also use the autoclass [39] clustering software. In addition we
have developed our own genetic programming software package, GPP [40]. We
also have our own equation discovery software [41]. This provides us with many
avenues for displaying, interacting, and gaining insight into our results.

Our visualization of the Iris data set [42] contains multiple representations.
Figure 10-a shows part of our visualization. On the near side of the left wall
is a parallel coordinate plot [36] of the cluster identified with the transparent
envelope. On the far side of the left wall is a plot of the probability density
distribution of each of the attributes in the data set. The right wall shows how
the attributes rank with Information Gain [38]. In the foreground is a set of
statistics that have been computed on the fly in response to a user command.
The points of the data set are represented as glyphs where the attributes have
been mapped to glyph attributes using our glyph toolbox. The points are plotted
in the central cube. A user can also interact with this visualization by turning
the transparent envelops of the clusters on and off individually, and the parallel
coordinate plots with them. Figure 10-b shows the same dataset visualized in
three different ways, shown in three separate rooms.

Figure 10 helps to bring together all of the main components of our VL.
The visualization is run through a distributed computing environment, in which
multiple users can interact with the data. The figure demonstrates the interactive
IVE, in which users can move, hide, and select objects in the system to control the
display the data and the movement of the data into and out of the visualization.
Figure 10 also displays results of our machine learning tools, used to analyze the
data and select which components to study. With all three of these components,
we can speed up concept development.

3 Applications

We speed up insight into our data through representation of the data in the
IVE and through interactions with the data. One representation may not be
sufficient, so the ability to switch between and interact with representations is
important. We describe a set of applications that highlight our approach.

3.1 Multi-modal Imaging and Visualization

In this project we are developing methods for combining related three-dimens-
ional data sets from a variety of sources into visualizations that enable explo-
ration and understanding of the data at a variety of scales and with a variety of
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techniques. The data is produced by OCM (Optical Coherence Microscopy) and
CFM (Confocal Fluorescence Microscopy) techniques being developed at NIST.

These data are being used to investigate structural and functional properties
of tissue engineering scaffolds. The scaffolds are porous polymers that act as
support structures for the growth of cells. Our visualization techniques are being
used in an effort to characterize properties such as mechanical performance and
induction of tissue development.

The data are produced at differing scales and data from different instruments
show different structures. Our task is to combine these data sets into coherent
immersive visualizations. Challenges include registration, segmentation, and ex-
posure of volume structures. We use several important visual and geometric
representations of the data, including derived surfaces, two-dimensional slices,
and three-dimensional volume renderings. In all cases, we visualize the data in
a three-dimensional space that is analogous to the physical dimensions of the

species: Iris-versicolor
# of instances: 50

Attribute
Sepal Length
Sepal Width
Petal Length
Petal Width : . 1.3260

Tofo:Gain One Rule Outlier

b.

Fig.10. An immersive visualization of the Iris data set. Image a shows one of the
rooms of the multiple-view visualization shown in image b.
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sample. We combine these representations with various rendering techniques
and with user interactions to enable exploration of the data.

The most useful information is generated by deriving surfaces from the data.
Figure 11-a shows a polygonal surface representing the polymer scaffold. This
data was produced by NIST’s OCM instrument. The surfaces are derived using
simple isosurface algorithms as well as more elaborate level-set approaches.

We enhance the depiction of these surfaces with lighting effects and the use
of transparency. Simulated lighting effects help to expose the shape of three
dimensional surfaces. Transparency enables the user to see the internal structure
of three dimensional data sets. For example, Fig. 11-b shows the same scaffold
surface as Fig. 11-a, but the surface is transparent and it is combined with
surfaces that represent cells growing on the scaffold. The cell data was produced
by CFM techniques and is combined with the OCM data in this scene.

We also make use of two-dimensional representations, but we embed them
as appropriate into the three-dimensional scene. For example, in Fig. 11-c, we
show a two-dimensional cross section through the three dimensional volume of
OCM/CFM data. The scaffold surface has been removed to enable the user to
see the cross section.

d.

Fig. 11. a. Polymer scaffold material represented as a polygon surface. b. Polymer
scaffold material with cells. Scaffold surface is represented as a transparent surface.
c. A two-dimensional cross section of scaffold and cell data embedded within a three-
dimensional scene. d. Combined volume and polygon representation of OCM scaffold
data.
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Finally, we use three-dimensional volume renderings to produce views of the
data that show more complete structural information throughout the volume.
We find that volume rendering techniques must be used judiciously and are often
most useful when combined with other techniques. In Fig. 11-d, we combine a
volume rendering of OCM scaffold data with a surface rendering of the same
data. This visualization provides useful verification of the surface derivation
technique.

The user interaction techniques are an extremely important aspect of en-
abling exploration of the data sets. Our approach to user interactions is based
on direct manipulation and navigation of the three-dimensional scene, and on
menus that are presented visually within the immersive environment. Navigation
through the scene is accomplished through user movement within the immersive
environment as well as translations and rotations of a track ball that is part of
a hand-held device (the wand), which is position-tracked within the immersive
environment. The on-screen menus enable the user to turn on and off various
components of the scene and change transparency /opacity, and to use our inter-
active DSOs, such as the clipWand DSO described above. Figure 12 shows an
example of clipping the data used in previous examples.

Fig. 12. Interactive clipping of scaffold and cell data visualization. A three-dimensional
plane under user control cut data away to expose interior features.

Another interaction technique that is useful during collaborative sessions is
the use of a three-dimensional hand-tracked pointer. This pointer is depicted
as a three-dimensional geometric object in the virtual scene. It is attached to
the position-tracked wand so that it moves with the user’s hand. This type of
pointer has proved to be very useful because in the immersive environment, non-
tracked users have slightly different views, so it is difficult to point accurately
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at an object with one’s hand. But with a geometric pointer embedded in the
three-dimensional scene, there is not such ambiguity. This pointer technique will
also be very useful when collaborative sessions are being run at multiple sites.
It will enable researchers to indicate points of interest to collaborators who are
at different sites.

3.2 3D Chemical Imaging at the Nanoscale

The goal of this project is to develop methods for measuring the distribution
of chemical species in three-dimensional samples at nanoscale resolution. This
work is important for a variety of industrial applications, such as semiconductors,
optoelectronics, and biotechnology. Our role in this project is to develop methods
for visualizing and interacting with datasets of nanoscale phenomena that enable
researchers to investigate three-dimensional structure and interfaces. The data
sets will be produced by different instruments at a variety of scales. In some
respects these data present challenges similar to those in the MMIV project; we
address similar problems of registration and data fusion.

Derived surfaces are a primary means of representing these data sets. For
example, Fig. 13 shows a surface representing a three-dimensional scan of pho-
tonic band gap material. As in the MMIV project, these surfaces are generated
using techniques such as isosurface and level set segmentation methods. As we
get data from more and diverse instruments, we expect that the segmentation of
the data into different chemical species will prove to be a particularly challenging
aspect of the project.

User interaction techniques are a critical component in the exploration of
these data sets. As in the MMIV project, we provide to the user a variety of

Fig. 13. A surface representing a three-dimensional scan of photonic band gap material.
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navigation and menu-based interaction techniques. Particularly useful is the in-
teractive clipping described above. Transparency and lighting remain very im-
portant elements of visualization methods used in this project.

3.3 Smart Gel

NIST scientists and collaborators are using the Virtual Laboratory to study
smart gels, which might someday be used to make exotic foods, cosmetics,
medicines, sensors, and other technological devices. Smart gels are inexpensive
materials that expand or contract in response to external stimuli. This property
could be useful in applications such as an artificial pancreas that releases insulin
inside the body in response to high sugar levels. Scientists need to understand
how the molecules in these materials behave in order to utilize them in new
products.

For this project NIST scientists are studying a subclass of these materials
called shake gels. Through some complex and as yet unknown process, these
watery mixtures of clays and polymers firm up into gels when shaken, and then
relax again to the liquid phase after some time has passed. A shake gel might be
used, for example, in shock absorbers for cars. The material would generally be a
liquid but would form a gel when the car drove over a pothole; the gel thickness
would adjust automatically to the weight of the car and the size of the pothole.

The VL helped the scientists see that it is the polymer’s oxygen atoms,
instead of the hydrogen atoms as previously thought, that attach to the clay.
The team has also made theoretical calculations that may help to explain why
and how the components of the liquid mixture bind together into a semisolid
form. Electrical charges affect the binding process, resulting in water binding to
clay surfaces in a perpendicular arrangement, which is believed to help create the
firmness of the gel. Theoretical aspects of the smart gels research are discussed
in [43]. The work is sponsored by Kraft Foods and involves scientists from NIST,
Los Alamos National Laboratory, and Harvard University.

The data provided by the researcher consisted of position data for a collection
of atoms over a series of time steps. We created two visual representations from
these data. The first depicts stick figure representations of the molecules. Bonds
between atoms are derived from proximity of the atoms and the atoms are colored
by element. The time series is shown by animating the motion of the atoms and
bonds. Figure 14 shows a still frame from this representation.

The second representation draws paths for the atoms as they move over
the course of the time series. Each path is shown as connected line segments.
The color of the each path indicates the element. In this representation, the
movement of atoms over time is represented within a static scene rather than by
an animation. Figure 15 shows the path representation of the data.

Note that the two different representations can be used together. When both
representations are turned on, the immersive display provides both an atom’s
motion and its history.

User interactions consist largely of menu interactions; these were imple-
mented within our existing general purpose immersive display utility with menu
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Fig. 15. Atom path representation of the smart gel simulation.

enhancements. The added menus were easily implemented using the techniques
previously described. Menu items allow the different visual representations of
the data to be turned on and off, the animation to be stopped and started, and
paths to be made visible based on identity.

The implementation of the immersive visualization for this project was well
served by our philosophy used in the IVE (loosely coupled programs that work
well together). A new data filter was created using a scripting language to convert
the time series data produced by the numerical simulation program into a form
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suitable for loading into the immersive environment. In this case, an existing file
loader implements a flip book style animation. The input pipe line thus quickly
converts the data of atomic positions at each time step into an visual stick
figure representation of the each atom, which animates for the duration of the
simulation time frame. Since only a small part of the input pipeline needed new
software, the project implementation time was short. The newly created software
filter focuses on producing the stick figure representations for the atoms, while
the existing file loader handles the task of animating the atoms.

As mentioned above, within minutes of being immersed in the animation,
the primary scientists involved realized their previously conceived ideas about
which molecules attached to the clay were reversed.

The wide range of our current scientific collaborations has led to an enhanced
set of VL tools in the areas of surface and volume rendering and display, creative
data representations, animation, and time series data analysis.

3.4 Nanostructures

In the nano-optics project we are working with NIST scientists to understand
atomic scale variation in the calculated properties of nano-scale structures.

The data that we receive consists of atom positions and values for s and p
orbitals. We represent each atom with a sphere that corresponds to the s orbital
and appropriate shapes for the x, y, and z p orbitals. The size of these geometric
forms correspond to the calculated values. The colors of the atoms correspond
to the element.

As in the other applications, we use our approach of loosely coupled tools to
convert the incoming data to the desired geometric representation. In this case,
our primary set of tools is the Glyph ToolBox (GTB). These tools facilitate the
creation, sizing, and coloration of the orbital shapes.

As part of the creation of these geometric representations, we segment the
data into subsets of atoms based on orbital size and symmetry (s or p) and
on the spatial location of the atoms. User interactions were implemented using
our standard menu tools within the immersive environment. These interactions
enable the user to turn on and off the different subsets of atoms. This lets the
user explore various features of the nano-scale structures. A sample image from
this project is shown in Fig. 9.

4 Conclusions and Future Work

According to Louis Pasteur “In the field of observation, chance favors only the
prepared mind” [44]. Scientists are prepared, but can we increase chance? We
believe representation and interaction drive discovery, and when applied
in the most general sense with the tools of immersive visualization, data mining
and other analysis, it is possible to accelerate concept development.

In our current scientific world of increasing computing power, parallel lab-
oratory experiments and enormous data sets to explore, a Virtual Laboratory
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becomes a powerful tool to ferret out important scientific results from otherwise
incomprehensible volumes of data. Each component is essential to create a pro-
ductive environment. Software and hardware capabilities must handle issues of
networking and communicating over distances and times. They must take into
account the varying resources of the scientists using them, and be capable of
growing with new technology as it emerges. The software must be easily avail-
able on user-accessible systems. Software tools must handle all types of needs in
terms of making scientific data available for viewing in a visualization system,
and then making it accessible for user interaction. Limits of scientific resolution
lie in how well data can be represented in a visualization system. Tools must be
available for studying a wide range of different types of data, on all different size
scales, and in a wide range of incoming formats.

The challenges lie in creating a foundation for the Virtual Laboratory that
can be built upon as technology changes, and as computational tools improve.
Assembling packages of individual tools that can be put together in a variety
of useful ways, our current Virtual Laboratory is the beginning of a robust,
encompassing scientific laboratory of the future.

5 Disclaimer

Certain commercial equipment, instruments, or materials are identified in this
paper to foster understanding. Such identification does not imply recommenda-
tion or endorsement by the National Institute of Standards and Technology, nor
does it imply that the materials or equipment identified are necessarily the best
available for the purpose.
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1 Introduction

Current scientific research is characterized by increasing specialization, accu-
mulating knowledge at a high speed due to parallel advances in a multitude of
sub-disciplines. Recent estimates suggest that human knowledge doubles every
two to three years — and with the advances in information and communica-
tion technologies, this wide body of scientific knowledge is available to anyone,
anywhere, anytime. This may also be referred to as ambient intelligence - an en-
vironment characterized by plentiful and available knowledge. The bottleneck in
utilizing this knowledge for specific applications is not accessing but assimilating
the information and transforming it to suit the needs for a specific application.
The increasingly specialized areas of scientific research often have the common
goal of converting data into insight allowing the identification of solutions to
scientific problems. Due to this common goal, there are strong parallels between
different areas of applications that can be exploited and used to cross-fertilize
different disciplines. For example, the same fundamental statistical methods are
used extensively in speech and language processing, in materials science appli-
cations, in visual processing and in biomedicine. Each sub-discipline has found
its own specialized methodologies making these statistical methods successful
to the given application. The unification of specialized areas is possible because
many different problems can share strong analogies, making the theories devel-
oped for one problem applicable to other areas of research. It is the goal of this
paper to demonstrate the utility of merging two disparate areas of applications
to advance scientific research. The merging process requires cross-disciplinary
collaboration to allow maximal exploitation of advances in one sub-discipline
for that of another. We will demonstrate this general concept with the specific
example of merging language technologies and computational biology.
Communication between researchers in these disparate fields is facilitated
through use of analogies. Specifically, the analogy between words and their mean-
ing in speech and language processing on one hand, and the mapping between
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biological sequences to biological functions on the other, has proven particularly
useful. Recent reviews of applications of linguistic approaches to computational
biology in general can be found in references [1,2]. Thus, we will first only briefly
explain the analogy between biological sequence and natural language processing
in general and then focus the remainder of the review on the use of language
technologies to identify the functional building blocks in protein sequences, i.e.
the “words” of “protein sequence language”. Since it is not known what would
be the best word equivalent, we will first describe what types of word equivalents
and vocabularies have been explored using the example of one specific area of
application, secondary structure prediction and analysis. In some areas of ap-
plications of language technologies to language, the words are also not known,
for example in speech recognition. In these applications, identifying functional
building blocks is a signal processing task and we will describe the analogy to pro-
tein sequences from this perspective. This includes first introducing proteins and
protein structure in comparison to the terms used in speech processing, followed
by a presentation of one specific application of signal processing techniques in
computational biology, namely transmembrane helix structure prediction. This
will be brought into the broader context of other applications of language tech-
nologies to the same task. Finally, we will present a sampling of a few other
examples of applying language technologies to the computational biology of pro-
teins. Additional examples can be found referenced on the website of the Center
for Biological Language Modeling (BLM) in Pittsburgh, USA [3].

2 Use of Language Technologies
in Computational Biology

Most functions in biological systems are carried out by proteins. Typical func-
tions include transmission of information, for example in signaling pathways,
enzymatic catalysis and transport of molecules. Proteins also play structural
roles such as formation of muscular fiber. Proteins are synthesized from small
building blocks, amino acids, of which there are 20 different types (see below).
The amino acids are connected to form a linear chain that is arranged into a de-
fined three dimensional structure. The precise interactions between amino acids
in the three dimensional structure of a protein are the hallmark of the functions
that they are able to carry out. For example, these interactions allow proteins
to make contacts with small molecule ligands such as drugs. Figure 1 shows an
example protein, lysozyme, to which an inhibitor ligand is bound (shown in ma-
genta). Thus, knowing the three-dimensional shape of proteins has implications
not only for the fundamental understanding of protein function, but also for
applications such as drug design and discovery.

Obtaining three dimensional structures of proteins experimentally is not
straight forward. X-ray crystallography and Nuclear Magnetic Resonance (NMR)
spectroscopy can accurately determine protein structures; but these methods are
labor intensive, time consuming, and for many proteins are not applicable at all.
Therefore, predicting structural features of proteins from a sequence is an im-
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Fig.1. An example of a protein: Lysozyme (Protein Data Bank code 1HEW). The
protein is colored in rainbow color from one end to the other end. The main chain
is highlighted by ribbons. Side chains extending from the main chain are shown as ball
and stick representations. The magenta colored molecule is the inhibitor ligand, tri-N-
acetylchitotriose. This figure illustrates how a linear protein chain folds up into a three
dimensional structure thereby creating a binding site with which ligand molecules can
interact. All protein figures in this paper have been created using Chimera [4].

portant topic in computational biology. Understanding the structure, dynamics
and function of proteins strongly parallels the mapping of words to meaning in
natural language. This analogy is outlined schematically in Fig. 2. The words in
a text document map to a meaning and convey rich information pertaining to
the topic of the document. Similarly, protein sequences also represent the “raw
text” and carry high-level information about the structures, dynamics and func-
tions of proteins. This information can be extracted to obtain an understanding
of the complex interactions of protein within biological systems. Availability of
large amounts of text in digital form has led to the convergence of linguistics
with computational science, and has resulted in applications such as information
retrieval, document summarization and machine translation. Thus, even though
computational language understanding is not yet a reality, data availability has
allowed us to obtain practical solutions that have a large impact on our lives. In
direct analogy, transformation of biology by data availability opened the door
to convergence with computer science and information technology.

Many of the hallmarks of statistical analysis of biological sequences are sim-
ilar to those of human languages. (i) Large data bodies need to be analyzed
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Fig. 2. Analogy between natural language and “protein sequence language”. Words
combine into sentences to convey meaningful content. Processing words in a document
can convey the topic of the document and its meaningful content. Biological sequences
are analogous to the raw texts, processing which would yield higher level information
on the behavioral properties of the physical entities corresponding to the sequences.

in both cases. (ii) Fundamental units of human languages include higher order
structures, paralleled by domains, subunits or functionally linked proteins. (iii)
Computer-based derivation of meaning from text is analogous to the prediction
of structure and function from primary sequence data. Therefore, the analogy
has led to the wide application of methods used in language technologies to the
study of biological sequences [1,5,6]. Some examples for the use of linguistic
approaches for bioinformatics can be found in refs. [1,5-12]. Recently, proba-
bilistic language models have been used to improve protein domain boundary
detection [13], to predict transmembrane helix boundaries [14] and in genome
comparison [15,16]. Finally, latent semantic analysis, a technique used in text
summarization, has been used for secondary structure prediction [17] and topic
segmentation of text or radio speech. The feature prediction methods of Yule’s
Q-statistic [18] and mutual information [19] have been applied to the membrane
protein boundary prediction problem.

2.1 Protein Sequence Language

Like strings of letters and words in a text, protein sequences are linear chains
of amino acids. The amino acid is one of the fundamental building blocks in
protein sequences. This is illustrated schematically in Fig. 3. Each amino acid
has a common component shown in Fig. 3A. In the protein chain, the amino
acids are connected through this component forming the backbone of the pro-
tein. The side chains, represented by R in Fig. 3A, can be one of 20 different
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types, corresponding to different chemical structures (labeled as (A, C, D, E,
F,G,H I, K, L, M, NP, Q, R, S, T, V, W, Y)). The main and side chains
in a protein are shown in an example in Fig. 3B. Side-chains themselves have
components in common among each other based on their chemical composition.
Thus, we could also consider smaller chemical units than the amino acids as the
functional building blocks of proteins. This would correspond to the vocabulary
shown in Fig. 4. These are in fact more fundamental units than the amino acids
themselves, because mutations, i.e. replacements of amino acids in protein se-
quences, that only exchange one single chemical group, e.g. from phenylalanine
to tyrosine (OH group) can have detrimental effects on protein function.

At the other end, there are also cases where a single amino acid is not suffi-
cient to convey a specific “meaning”, but a group of amino acids does, generally
referred to as a functional motif. For example, the triplet D/E R Y is a conserved
motif in a specific protein family (the G-protein coupled receptors) known to en-
code the ability to interact with another protein (the G-protein). Finally, amino
acid sequences can be replaced without loss in function, as individual amino
acids or as groups of amino acids. For example, in the above triplet, the first
position is not fully defined - it can be either D or E. This is due to the chemical
nature of the amino acids: D and E although having different side chains, share
a number of properties, most importantly, negative charge in this case. Thus,
the biological vocabulary is much more flexible than the human vocabulary, be-
cause it is defined through properties with several different chemical meanings
and not a single meaning as in the case of the 26 letters. There are hundreds of
different scales of properties of amino acids, including size, hydrophobicity, elec-
tronic properties, aromaticity, polarity, flexibility, secondary structure propen-
sity and charge to name just a few (see e.g., the online databases PDbase [20]
and ProtScale [21]). Thus, although the 20 amino acids are a reasonable starting
point to define building blocks in protein sequences, smaller, larger or uniquely
encoded units may often be functionally more meaningful.

(A) / Side chains

1@ Sy
Backbone

o Carbon o Oxygen ° N1trogen
atom atom atom

Fig.3. (A) Chemical composition of amino acids. The composition common to all
amino acids consists of a main carbon atom C, (yellow), NH group (blue), carboxyl
group COO- (red), hydrogen atom (green) and a sidechain R (pink). The first three,
along with the C,, are common to all amino acids, where as the side chain R is
different for each amino acid [17]. (B) Protein segment. A small protein segment with
the composing main chain atoms is shown in ball-and-stick model. Side chains attached
to the C, are shown in grey wire frame.
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Fig. 4. Chemical Group Vocabulary: The basic chemical groups that form the building
blocks of the amino acids are shown. The chemical group in each cell in the figure
forms one word in the vocabulary. Thus, the size of chemical group vocabulary is 19.
This vocabulary has been studied in the context of secondary structure analysis by
Ganapathiraju et al [17].

Fig. 5. Secondary structure elements in Lysozyme (PDB ID: 1HEW): Three dimen-
sional structure of a protein is composed of smaller units (secondary structure). (A)
The chain can be followed by guide of the rainbow colors. (B) The same view of the
protein as in A is shown, but repeating elements helix (red), sheet (yellow) and turns
and flexible loops (violet) are highlighted.

To study the effect of varying the vocabulary and alphabet on a typical com-
putational biology task, secondary structure analysis and prediction, we first
investigated different units for this task. Secondary structure refers to regular
units of structure that are stabilized by molecular interactions between atoms
within the protein, the most important interaction being the so-called Hydrogen
(H) Bond. There are 7 distinct secondary structures, broadly called helix, sheet,
turn and loop structures. In helix types, the designating secondary structure is
formed due to H-bonds between carbonyl group and amino group of every 3rd,
4th or 5th residues, and these are called 31p—helix, a—helix and m—helix re-
spectively. A strand is a unit that shares long range hydrogen-bond interaction



Computational Biology and Language 31

with another strand. Two or more such interacting strands form what is called
a sheet. A turn is defined as a short segment that causes the protein to bend.
Loop or coil region has no specific secondary structure. Commonly, the 7 groups
are reduced to 3 groups, helix, strand and loop (shown in an example in Fig. 5).
To study the relevance of different vocabularies for secondary structure forma-
tion, we used the following vocabularies: (1) chemical building blocks of amino
acids, (2) single amino acids from the 20 amino acid alphabet and (3) reduced
alphabets based on similarities between physico-chemical properties of amino
acids [17]. Latent Semantic Analysis (LSA) was used to decipher the role of the
vocabulary for this task, because it is a natural language processing method
that is used to extract hidden relations between words [22]. We should there-
fore be able to study the effects of different vocabularies on secondary structure
without introducing artifacts through the differences in size and geometry in
the different units studied. LSA captures semantic relations using global infor-
mation extracted from a large number of documents and can therefore identify
words in a text that are synonymous even when such information is not directly
available. LSA was then applied to characterize segments of protein sequences
with a given type of secondary structure, helix, strand or loop. Each segment
was represented as a bag-of-words vector traditionally used in document pro-
cessing. The word-document matrix comprising all the protein segment vectors
was transformed into Eigenspace through singular value decomposition, and the
protein segments were compared to each other in terms of vector representation
in singular space. To compare the usefulness of this representation, protein seg-
ments were separated into training and test sets and the secondary structure of
each segment in the test set was predicted based on the secondary structure of
its nearest neighbors in the singular space from among the training set. When
representing the amino acid sequences using the three different vocabularies, we
observed that different vocabularies are better at characterizing different struc-
ture types. Helices and strands are best characterized using amino acid types
with LSA, and coils are characterized better with amino acids as vocabulary and
using the simple word-document matrix analysis (called VSM [23]) without LSA.
Average 3-class prediction ((Q)3) was found to be best using chemical groups as
vocabulary and using VSM. The results demonstrate that word-document matrix
analysis and LSA capture sequence preferences in structural types and can dis-
tinguish between the “meanings” of vocabularies for protein secondary structure
types. Furthermore, protein sequences represented in terms of chemical groups
and amino acid types provide more clues on structure than the classically used
amino acids as building blocks [17].

As shown by the above study [17] and many previous studies [24], single
amino acid propensities have limited ability to predict secondary structure ele-
ments. It was therefore investigated if larger segments composed of several amino
acids, so-called k-mers or n-grams of amino acids are more appropriate units of
protein sequence language with respect to their meaning for secondary structure
[25]. However, this study found that n-grams do not capture secondary struc-
ture propensity of protein segments well. This is due to the fact that n-gram
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features do not encode the types of amino acid substitutions typical for protein
sequences exemplified in the motif example above. Therefore, it was investigated
if a compact representation of position specific n-grams as z{—|+}N, where z
is the n-gram, {—|+} indicates whether it occurs before or after the residue un-
der question, and N is the distance from this residue to the n-gram, may be a
better representation of the protein sequence. The analogy to language can be
found when classifying documents into possible topics. This task also requires
identification of crucial words that can discriminate between possible topics. For
example, the word ‘ball’ can discriminate between “science” and “sports” topics
but cannot distinguish between “cricket” and “football” topics. Advances in topic
detection methods for text documents have resulted in some reliable methods to
identify such discriminating words. In the context of protein secondary structure
prediction, there are also position specific propensities of amino acids in different
secondary structure types and therefore topic detection algorithms are directly
applicable to secondary structure prediction at the residue level. The application
of the context-sensitive vocabulary provided results that are comparable to the
current state-of-the-art methods using “black-box” classification approaches, in
particular neural networks, with Q3 accuracy of about 70%. The advantage of
the use of the context-sensitive vocabulary over these “black-box” methods is
that it allows analysis of the word-association matrix with singular value decom-
position to identify co-occurring word pairs, corresponding to regular expressions
with a specific “meaning” for secondary structure. For example, one of the most
highly associated word pair corresponded to the pattern “CPxxAI”. The pat-
tern describes the loop region at the C-terminal end of a beta-sheet. Thus, the
context-sensitive vocabulary encodes some of the complex dependencies between
amino acids that determine formation of secondary structure.

3 Identification of Functional Building Blocks in Proteins
as a Signal Processing Task

The lack of knowledge on what are the break points separating words from each
other is not new to the language arena. In fact, it is found in many speech ap-
plications. In a spoken sentence, words are not separated from each other by
spaces as in written text. Thus, automatic speech analysis and synthesis meth-
ods also have to deal with identification of meaningful units. The task therefore
shifts from statistical analysis of word frequencies to a stronger focus on signal
identification and differentiation from noise in speech recognition applications.
Similarly, the task of mapping protein sequences to their structure, dynamics
and function can also be seen more generally as a signal processing task. Just
as the speech signal is a waveform whose acoustical features vary with time,
a protein is a linear chain of chemico-physical features that vary with position
in the sequence. However, while a speech sample can take unlimited contin-
uous values, or digitized values within a given digital resolution, for proteins
the value can be only one of the possible twenty, corresponding to the twenty
types of amino acids (see above). Hence assigning a symbol or value to each
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of the twenty amino acids is one alternative for digital representation. This is
however, not a meaningful representation for signal processing. We will review
below the approaches by which signal processing techniques become applica-
ble to the identification of meaningful building blocks in protein sequences. We
will demonstrate in detail using this example how scientific and technological
advances in the specialized area of automatic speech recognition become rele-
vant for the specialized area within computational biology of protein secondary
structure prediction. Both areas separately have been extensively researched for
several decades; the complete solution has not been accomplished; in both cases
the underlying principles are understood, yet are difficult to model for decoding
by a computer practically, “as the physics of simplicity and complexity meet”
[26]. For a deeper understanding of protein structure and protein biochemistry,
see [27] and [28]. Readers interested further in speech recognition may refer to
[29, 30].

3.1 Digital Representation

Speech waveform is a superposition of signals of various different frequencies.
By way of Nyquist criterion, the information in the signal can be completely
captured by sampling the signal at a rate that is at least twice that of the largest
frequency in the signal. Since most information in human speech is band-limited
to about 8 kHz, sampling it at a rate of 16 kHz is sufficient. A typical digitized
speech signal is a series of discrete-time samples of its amplitude. The amplitude
of each sample is further coded into discrete levels to allow digital representation.
To apply signal processing techniques to protein sequences, the protein must be
represented by some numerical representation of its property at each position.
To derive a meaningful representation of the protein signal, we must understand
the chemical structures of the amino acids and their resulting physico-chemical
properties (see above). The scales relating the 20 amino acids to each other based
on these properties can be used to replace the amino acid symbols with numeric
representations more similar to speech waveforms. In principle, any one of the
property scales can be used, depending on the type of protein sequence analysis
required. Consider the example speech utterance, “how to recognize speech with
this new display”, whose waveform is shown in Fig. 6A. The signal has been
sampled at 16 kHz. Typically, the signal also contains background noise and
therefore the pauses in between words are not entirely flat. The waveform shows
how the amplitude of the sound varies as time progresses from the beginning
of the utterance to the end. In contrast consider a protein. Figures 6B and 6C
show how a protein may be represented as numerical signals. Figure 6B shows
the protein in terms of charge and Fig. 6C shows the protein represented in
terms of hydrophobicity of the amino acids. While speech is represented with
respect to time, protein is represented in physical dimension from one end to the
other end of the amino acid chain.

The goal of speech recognition is to identify the words that are spoken. There
are several hundred thousand words in a typical language. These words are
formed by a combination of smaller units of sound called phones. Recognizing



34 Madhavi Ganapathiraju et al.

(A)

)\ | W | o T
(REIERX I

RN
Position

LIRAIAN T

(C) L
1 15 )5' M

Position

Fig. 6. Digital Representation. (A) Digital waveform of a speech signal of the utterance
“how to recognize speech with this new display”. The x-axis shows the time, while the
y-axis shows the amplitude (loudness) of the signal. (B) Protein signal, where the
sequence is represented by a numerical scale of charge of the residues. (C) Protein
signal in terms of hydrophobicity of the residues. X-axis in (B) and (C) shows the
residue number along the length of the protein, and y-axis is the value of the property
of the residues (here charge or hydrophobicity).

a word in speech amounts to recognizing these phones. There are typically 50
phones in speech. Thus, identification of “word” equivalents in protein sequences
using the signal processing approach is equivalent to “phone” identification.

3.2 Information Required to Decode the Signal

The content of a speech signal is not only dependent on the signal itself; its
interpretation relies on an external entity, the listener. For example, consider
the phrases:

How to recognize speech with this new display
How to wreck a nice beach with this nudist play

The two phrases are composed of almost identical phone sequences, but result in
two different sentences. Spectrograms showing the frequency decomposition of
the sound signals are shown in Fig. 7B and 7C, for these two sentences spoken
by the same speaker.

Given the speech signal or a spectrogram, which utterance was meant by the
speaker can be found by the context in which it was spoken. Thus the complete
information for interpretation is not contained in the speech signal itself, but is
inferred from the context. On the other hand, the linear strings of amino acids
that make up a protein contain in principle all the information needed to fold it
into a 3-D shape capable of fulfilling its designated function.
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Fig. 7. Spectrograms of same utterances between different speakers and different ut-
terances by same speaker: X-axis shows progression of time and y-axis shows different
frequency bands. The energy of the signal in different bands is shown as intensity in
grayscale values with progression of time. (A) and (B) show spectrograms of the same
sentence “How to recognize speech with this new display” spoken by two different
speakers, male and female. Although the frequency characterization is similar, the for-
mant frequencies are much more clearly defined in the speech of female speaker. (C)
shows the spectrogram of the utterance “How to wreck a nice beach with this nudist
play” spoken by same speaker as in (B). (A) and (B) are not identical even though they
are composed of the same words. (B) and (C) are similar to each other even though
they are not the same sentences. See text for discussion.

3.3 Speaker Variability

Consider the signal characteristics of a word spoken by two different persons,
especially if one is female and the other is male. Although the fundamental
nature of the sounds remains the same, the overall absolute values of signal
composition would be different. For example, a vowel sound would still have the
same periodic nature in both utterances, but the frequency would be different.
See for example, the frequency compositions of the same sentence spoken by a
male and female speaker shown in Fig. 7A and 7B.

The analogy of speaker variability in the protein world can be found in the
following broad categorization of proteins: the majority of a cell’s proteins are
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Fig. 8. Schematic of cell and soluble and transmembrane proteins. (A) A schematic
of a cell: The cell is enveloped by a cell-membrane (brown) and is surrounded by
water medium (blue bubbles). The medium inside the cell is made of water as well.
Soluble proteins are found completely inside the cell. Membrane proteins are partly
embedded in the cell-membrane. (B) Transmembrane protein Rhodopsin: It starts in
the cytoplasmic region (top), traverses through the cell membrane (brown) to go into
the extracellular region (bottom) and then transverses the membrane again to enter
the cytoplasm. This protein has 8 helices in all, 7 of which are located mostly in the
transmembrane region and extending out of it, and one helix (horizontal in picture) in
the cytoplasmic region.

found inside the cells (soluble proteins), whereas, some proteins traverse through
the cell membrane (membrane proteins). In contrast to soluble proteins, which
are always in an aqueous environment, membrane proteins have parts that are
like soluble proteins located either inside or outside of the cells, while a signif-
icant portion is located in a chemically different environment, the membrane
lipid bilayer, as shown in Fig. 8. Since the environment around parts of these
transmembrane proteins is different, the characteristics displayed by these parts
are also different. Transmembrane helix prediction is closely related to protein
secondary structure prediction given the primary sequence. Secondary structural
elements described before, namely helix, strand, turn and loop are still the basic
components of the three dimensional structure of membrane proteins also; how-
ever their characteristics are different from those of the soluble proteins when
they are located in the membrane embedded parts. This difference may be seen
as the speaker variability in speech. The intracellular, transmembrane and ex-
tracellular segments can be thought of as speech that is spoken by three different
speakers.

Consider a domain specific speech recognition task where the number of
speakers and the size of the vocabulary are very small. A method that is often
adopted for this task is to recognize the words by speaker-specific word models.
The approach adopted in transmembrane protein structure prediction is similar-
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the structural elements are modeled specifically for each environment separately.
Consider another domain specific task where the goal is to perform only speaker
recognition out of three speakers (cytoplasmic, transmembrane and extracellu-
lar). The protein shown in Fig. 8B is an example of a transmembrane protein
called rhodopsin. It consists of 8 helical segments and a beta sheet. Seven of
the helices are transmembrane, one helix is soluble. A speaker-segmentation like
task on this protein, would label these seven segments as transmembrane, and
the rest of the protein as cytoplasmic and extracellular segments.

3.4 Signal Analysis of Transmembrane Proteins

The duration of the transmembrane segment is usually about 20-25 amino acid
residues which corresponds to the 30 A thickness of the cell membrane. (A residue
is the equivalent of a sample in speech signal, whose value can be any one of
the twenty amino acids). The cross-section of the cell-membrane is highly hy-
drophobic, thus imposing the requirement on amino acids within its environment
to be predominantly hydrophobic. The properties most meaningful in this con-
text to allow application of signal processing techniques are therefore related to
hydrophobicity and polarity.

The most important mathematical tool in signal processing is the Fourier
transform [31]. For a comprehensive review of signal processing methods in pro-
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Fig. 9. Wavelet features of rhodopsin (swiss-prot id: OPSD_BOVIN) using a binary
polar non-polar vocabulary: (A) Scalogram of the wavelet features: The primary se-
quence is mapped to polar nonpolar (1, 0 respectively) numerical scale and wavelet
transform is computed at scales from 1 to 32 with the Mexican-hat analyzing function.
The resulting 2D array is shown in image format after scaling the result to range be-
tween 0 and 1, with a rainbow color map VIBGYOR going from 0 to 1. The x-axis
corresponds to the residue number and the y-axis corresponds to the scale at which the
wavelet is computed, with the smallest scale at the top. (B) Wavelet features mapped
onto the 3D structure of rhodopsin (pdb id: 1F88): The wavelet transform at a scale of
9 is normalized to a range of 0-150 and mapped onto the 3D structure of the protein,
using ‘temperature’ field in the pdb format.



38 Madhavi Ganapathiraju et al.

tein structure analysis, see [32]. A protein sequence is very short in length, being
on an average 300 residues long. There are proteins as short as 50 residues and
those that are larger than 1000 residues, but most of the proteins are a few
hundred residues long. The duration of secondary structure elements are even
shorter. Hence it is not suitable to use Fourier transform in the analysis of pro-
tein signal. Also, while Fourier transform can capture periodicities at any scale
in the overall signal, it cannot identify the location of occurrence of periodicity.
To capture local periodicities, Wavelet transform appears to be a more suitable
mathematical tool [33] and has been applied earlier to speech recognition [34,
35]. Previously, the application of Wavelet transform in the context of transmem-
brane helix prediction has primarily been to de-noise the hydropathy signal by
removing high frequency variations [36-39]. In the work presented here, wavelet
transform is used to derive features from amino acid sequences.

In order to facilitate the use of signal analysis for the transmembrane helix
prediction problem, polar/non-polar characteristics are mapped polar = 1, non-
polar = 0. Other mappings such as by electronic properties, viz., mapping from
strong electron donor to strong electron acceptors to numerical values +2 to
-2, have also been studied. However, the best results were observed empirically
by the choice of polar/non-polar representation. Application of wavelet trans-
form to the polar/non-polar representation of one particular membrane protein,
bovine rhodopsin (Swissprot ID: 0PSD_BOVIN), is shown in Fig. 9. The numerical
mapping of the sequence with polar/non-polar property is the same as shown
in Fig. 6. A standard analysis function, Mexican-hat, at scales from 1 to 32 has
been applied to this protein signal, resulting in a continuous wavelet transform
of the protein sequence.

The wavelet transform gives rise to patterns that are distinct between the
transmembrane regions from non transmembrane regions. An image represen-
tation of the wavelet transform, called the scalogram is shown in Fig. 9A.
Superimposed on the scalogram is the location of transmembrane and non-
transmembrane regions. Further, the wavelet transformed signal at different
scales is also mapped onto the 3-dimensional structure of the protein, to visually
analyze the distribution of feature values in different segments of the protein,
here for scale 9 in rhodopsin (Fig. 9B).

3.5 Formal Analysis of the Features Derived
Using Wavelet Methodology

Comparing the scalogram of a transmembrane protein in Fig. 9A to the spec-
trograms of speech in Fig. 7, it can be seen that the durational characteristic
of transmembrane segments is very similar to that of phones in speech. The ob-
servations are very similar from one sample (or frame) to the next; there is an
onset period and offset period from the transmembrane segment. In the absence
of such durational feature, a classifier would have been suitable to classify the
protein residues as transmembrane or non-transmembrane. However, to capture
the time (or position) specific characteristics of the wavelets with respect to
transmembrane domains, hidden Markov modeling (HMM) like architecture is
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Fig. 10. HMM topology used for transmembrane prediction. The fully green state cor-
responds to the cytoplasmic loop, blue state to the extracellular loop, and the fully or-
ange state to the core of the transmembrane region. The shaded states of green/orange
and blue/orange colors correspond to transmembrane regions nearer to the lipid bi-
layer on cytoplasmic and extracellular sides. Although positive-inside rule [40] applies
to the loop region thus characterizing cytoplasmic loops differently from extracellular
loops, no distinction has been made in this work between cytoplasmic and extracellular
loops. Hence, the topology shown on top reduces to that on the bottom, with just three
states.

best suited. Here, we considered an HMM with a simple architecture as shown
in Fig. 10. Each state is modeled with a mixture of 8 Gaussians. The vector of
wavelet coefficients computed for scales 4 to 16 at each residue position in the
protein, is considered the feature vector corresponding to that residue. In Fig
9A, the feature vectors correspond to columns in the 2D image of wavelet coeffi-
cients, considering only rows 4 to 16. The data set used is the set of 160 proteins
[41]. The data set is available as 10 disjoint sets so that separate data may be
used for training and testing. We used the first set (numbered 0) for testing, and
the remaining sets for training. The accuracy of classification of each residue as
transmembrane or non-transmembrane is found to be 80.0% (Q2). Q2 refers to
the percentage of residues that have been classified correctly into the two states
transmembrane and non-transmembrane. Although hidden Markov models have
been used earlier towards transmembrane prediction, what is unique here is the
demonstration of the use of wavelet coeflicients as feature vectors. Within the
speech recognition framework, wavelets have traditionally been used for speech
enhancement (similar to hydrophobicity smoothing in case of transmembrane
prediction), but a recent paper has demonstrated the use of wavelet coefficients
as features for phoneme classification [35].

3.6 Membrane Helix Boundary Prediction Using N-Gram Features

The above work on transmembrane helix boundary prediction using signal pro-
cessing techniques borrowed from language technologies strongly complements
other applications of language technologies to the same task. As with phoneme
identification, other language technologies applications use segmentation ap-
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proaches, for example in document classification and topic detection. Tradition-
ally, these methods have relied on n-gram features and statistical associations
between them. We have complemented the above study with n-gram approaches
to address the membrane protein boundary prediction problem.

(1) Similar to topic segmentation in natural language, we applied Yule’s
measure of association [42] to this problem based on its use in natural language
processing [43]. Given a text with n different words, an n x n table of Yule
values for every pair of words is computed. The distribution of Yule values in
the table differs for different categories of text, indicating the positions of the
boundaries. In a model application to the G-Protein Coupled Receptor (GPCR)
family of membrane proteins, we found that Yule values can differentiate between
transmembrane helices and loops connecting the helices [18].

(2) Using n-gram features but a different association measure, Mutual In-
formation, it was also shown that language technologies can discover known
functional building blocks, the transmembrane helices, without prior assump-
tion on the length, type or properties of these building blocks. While the above
Yule statistics required prior knowledge in the form of a training set for exam-
ples of transmembrane versus non-transmembrane applications, using mutual
information, no such knowledge was required. Computing Mutual Information
statistics on the entire dataset of a membrane protein family, the GPCR fam-
ily, without prior knowledge on the positions of extracellular-transmembrane
and cytoplasmic-transmembrane boundaries, can rediscover these boundaries,
as shown in Fig. 11 [19]. In topic segmentation, topic boundaries are indi-
cated by minima in Mutual Information. Similarly, in membrane proteins se-
quences, both membrane-cytoplasmic and membrane-extracellular boundaries
are detected with high accuracy [19].

§ 2 ,

s | |

g1 L J | ‘l. | L

S ' " ARy

E ’ \ . 9 I .v
=0 ] e

© | - [

5 8_3 ¢ W % &

€ 4 2. = e 2 % A g .

= 0 50 100 5'1 50 200 250 300 350

Amino Acid Position

Fig.11. Mutual information values along the rhodopsin sequence using different
datasets GPCR to generate mutual information values [19]. Horizontal lines use the
same color code as in Figure 1 indicating the positions of the segments belonging to
each of extracellular, cytoplasmic and helices domains based on expert knowledge. The
positions of breakpoints indicated by mutual information minima are shown as blue
labels. The figure is JKS’s version of the work. It is posted here by permission of ACM
for your personal use. Not for redistribution. The definitive version was published in
[19] http://doi.acm.org/10.1145/967900.967933.
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(3) Finally, an n-gram language modeling approach has also been adopted.
The method builds a language model for each ‘topic’ representing transmem-
brane helices and loops and compares their performance in predicting the cur-
rent amino acid, to determine whether a boundary occurs at the current position.
The language models make use of only n-grams probabilities, but surprisingly
still produced promising results [14,18,19].

4 Other Applications of Language Technologies
in Computational Biology of Proteins

4.1 Genome Comparison

The secondary structure and transmembrane helix prediction tasks are only two
examples of many tasks in computational biology where language technologies
are relevant. For example, the features most often used in language technologies
are word n-grams and there are many other tasks where n-grams do form mean-
ingful building blocks. Probably the most widely known application of n-grams in
computational biology is their use in the BLAST algorithm, where they enhance
computational efficiency in sequence searching in the initial step [44]. However,
n-grams have also proven useful in a number of other bioinformatics areas. The
distributions of n-grams in biological sequences have been shown to follow Zipf’s
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Fig. 12. Distribution of amino acid n-grams with n=4 in Neisseria meningitidis in com-
parison to the distribution of the corresponding amino acids in 44 other organisms [61].
N-grams of Neisseria are plotted in descending order of their frequency in the genome
(in bold red). Numbers on x- indicate the ranks of the specific n-grams in Neisseria.
Frequencies of corresponding n-grams from genomes of various other organisms are also
shown (thin lines). The second thin line closely following the bold red line corresponds
to a different strain of Neisseria meningtidis. Arrows indicate the positions of 4-grams
that are over-represented in Neisseria, but are rare in other genomes. The figure is
reproduced from [61] with permission from the publisher.
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law [45-51]. Zipf’s law states that the frequency of a word is related to its rank
by a power law [52,53]. While there is some debate as to the meaning of this
observation for biological sequences [45-51], the Zipf plot of n-gram frequencies
has found application in identification of genome signatures [16].

The Zipf-like analysis of protein sequences allows addressing the question of
whether the sequences in proteins of different organisms are statistically similar
or if organisms may be viewed as representations of different languages. We
compared the n-gram frequencies of 44 different organisms using the n-gram
comparison functions provided by the Biological Language Modeling Toolkit.
(1) A simple Markovian uni-gram (context independent amino acid model from
the proteins of Aeropyrum pernix was trained. When training and test sets were
from the same organism, a perplexity (a variation of cross-entropy) of 16.6 was
observed, whereas data from other organisms varied from 16.8 to 21.9. Thus, even
the simplest model can automatically detect the differences in amino acid usage
of different organisms. (2) We developed a modification of Zipf-like analysis that
can reveal specific differences in n-grams in different organisms. First, the amino
acid n-grams of a given length were sorted in descending order by frequency for
the organism of choice. An example is shown in Fig. 12 for Neisseria meningitidis
for n=4. Remarkably, there are three n-grams (shown by red arrows in the figure)
that are among the top 20 most frequently occurring 4-grams in Neisseria, but
that are rare or absent in any of the other genomes.

These highly idiosyncratic n-grams suggest “phrases” that are preferably
used in the particular organism. These phrases are highly statistically signifi-
cant, not only across organisms, but also within Neisseria itself. In particular,
the 4-grams SDGI and MPSE are highly over-represented as compared to the
frequencies expected based on the uni-gram distributions in Neisseria [16]. (3)
While it is not known if these “phrases” correspond to similar or different sub-
structures of proteins, we found that amino acid neighbor preferences are also
different for different organisms, suggesting the possibility for underlying subtle
changes in the mapping of sequences to structures of proteins.

4.2 Protein Family Classification

Another important task in computational biology is protein family classifica-
tion. G-protein coupled receptors (GPCRs) are a superfamily of proteins and
particularly difficult to classify into families due to the extreme diversity among
its members. A comparison of BLAST, k-NN, HMM and SVM with alignment-
based features has suggested that classifiers at the complexity of SVM are needed
to attain high accuracy [54]. However, we were able to show that the simple De-
cision Tree and Naive Bayes classifiers in conjunction with chi-square feature
selection on counts of n-grams perform extremely well, and the Naive Bayes
classifier even outperforms the SVM significantly [55]. We also generalized the
utility of n-grams for high-accuracy classification of other protein families using
the Naive Bayes approach [55,56]. In line with these observations, Wu and co-
workers have observed that neural networks perform well with n-gram features
in the protein family classification task [57].
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4.3 Prediction of Protein Folding Initiation Sites

The demonstrated success of language technologies for a number of typical com-
putational biology tasks suggests that these methods may also prove useful in
studies of tasks that have been studied less extensively. Prediction of folding
initiation sites in proteins is a formidable task that requires novel approaches.
We investigated if inverse frequencies may correlate with experimentally deter-
mined folding initiation sites in the protein folding model system, lysozyme. Our
hypothesis was based on the observation that in natural languages, rare words
carry the most relevant meaning of a text. Shown in Fig. 13 are inverse tri-gram
frequencies plotted along the lysozyme sequence. Indeed, we observed a correla-
tion between the locations of rare trigrams and the location of residual structure
in the unfolded protein as evidenced by maxima in relaxation rates measured in
NMR spectroscopic experiments. The statistical significance of this observation
remains to be established by extension to other proteins, but lysozyme is the only
protein for which the locations of folding initiation sites are known. However,
the steady growth in the size of the protein databank will allow a systematic
comparison between the sequences of n-grams and the number of structures that
each n-gram can occur in. Such statistics are already beginning to be reported in
the I-sites database [59] and in the analysis of sequences encoding certain types
of structures [60]. Thus, it is expected that n-gram analysis may significantly
contribute to the protein tertiary structure prediction problem in the future.

Z
& w0
<
x g
A) 5 .
o
= a4
o
x 2
0
)14“0
2 121
(B) €]
T 8
2 ]
o 4]
® 2
0 0'
2 20 40 €0 60 100 120

Amino Acid Position

Fig. 13. Location of folding initiation sites in model protein Lysozyme (see Fig. 1) A.
Transverse relaxation rates [58]. Large values above the black line indicate the presence
of residual structure. B. Inverse trigram frequency in human lysozyme. The figure is
reproduced from [61] with permission from the publisher.
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5 Biological Language Modeling Toolkit and Website

A large number of linguistic methods for protein sequence analysis are provided
at http://flan.blm.cs.cmu.edu/.

6 Conclusions

Here, we have shown that the use of an intuitive analogy allows direct applica-
tion of methods developed in one specialized area of research to that of another.
In particular, we demonstrated the use of language and speech technologies for
a variety of computational biology problems. We described the major hurdle in
the use of this analogy, the identification of functional equivalents of “words”
in protein sequences with the long-term goal of preparing a dictionary for “pro-
tein sequence language”. Although we are far from building such a dictionary,
we demonstrate that a number of different vocabularies can provide meaningful
building blocks in protein sequences. The utility of these vocabularies depends on
the specific type of application in computational biology, and we provided exam-
ples from secondary structure prediction of soluble and of membrane proteins, of
motif identification in genomes, protein family classification and protein folding
and tertiary structure. Vocabularies range from individual chemical groups, to
single amino acids, to combinations of amino acids (n-grams) with and without
context information to chemical property representation. Automatic identifica-
tion of functional building blocks using speech recognition and topic boundary
detection methods both independently identified secondary structure elements
as major functional building blocks of protein sequences.
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1 Problem

1.1 What Is Interesting?

In data mining, or knowledge discovery, we are essentially faced with a mass
of data that we are trying to make sense of. We are looking for something
“interesting”. Quite what “interesting” means is hard to define, however — one
day it is the general trend that most of the data follows that we are intrigued
by — the next it is why there are a few outliers to that trend. In order for a data
mining to be generically useful to us, it must therefore have some way in which
we can indicate what is interesting and what is not, and for that to be dynamic
and changeable.

Once we can ask the question appropriately, we then need to be able to
understand the answers that the system gives us. It is therefore important that
the responses of the system are represented in ways that we can understand.
Whilst complex statistical measures of the data set may be accurate, if they are
not comprehensible to the users they do not offer insight, only description.

One concept that we consider to be vital is to recognize the relative strengths
of users and computers. The human visual system is exceptionally good at clus-
tering, at recognizing patterns and trends, even in the presence of noise and
distortion. Computer systems are exceptionally good at crunching numbers, pro-
ducing exact parameterizations and exploring large numbers of alternatives. If
we can combine the best of human and computer processing, we should be able
to develop systems that are superior to one or other approach alone.

An ideal data mining system should, we would argue, offer the above char-
acteristics; the ability to define what is interesting, using the abilities of the
user and the computer in tasks to which they are best suited, and providing
explanations of the data that are understandable and provide deep insights.

This leads us towards a system that will be interactive, in order to be flexible
and work towards a solution. It should use visualization techniques to offer the
user the opportunity to do both perceptual clustering and trend analysis, and
to offer a mechanism for feeding back the results of machine-based data mining.
It should have a data mining engine that is powerful, effective, and which can
produce humanly comprehensible results as well.

The Haiku system was developed with these principles in mind, and offers a
sym-biotic system that couples interactive 3-d dynamic visualization technology
with a novel genetic algorithm.

Y. Cai (Ed.): Ambient Intelligence for Scientific Discovery, LNAI 3345, pp. 48-65, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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1.2 Key Concepts
The key concepts in the Haiku system are

— Interaction via visual representation of data — visualization used to present
data which can be manipulated and explored by the user

— Presentation of results in visual form — integration of the results of machine-
based data mining back into the visualization to show things like coverage,
accuracy, and the interrelationships between rules

— Bridging the human-computer communications gap — producing textual rules
that are simple to understand and showing the effects of those visually, and
allowing the data mining process to iterate

— Exploratory approach — allowing the user to pose questions about differ-
ent parts of the data and follow lines of enquiry, focussing on whatever is
interesting

— Comprehensible rules — tunable to give overviews or detail as required

1.3 Innovation

The innovative parts of the system are the data visualization approach, the
discovery visualization, and the ability to produce rules that can be overviews
(less accurate but painting a broad-brush picture) or specific (precise, and often
more complex) or anywhere in between. However, the key point is that these
approaches are combined into one system whose holistic effect is greater than
the sum of the individual advances.

1.4 Relationship to Ambient Intelligence

One of the characteristics of ambient systems is that they utilize a much larger
proportion of the information and context inherent in data in order to produce
results. The Haiku system works in sympathy with these goals. Since the ap-
proach is iterative, as facts and knowledge about the data are discovered, these
could be feed back into the system to guide further discoveries and results, al-
lowing the system to build upon the knowledge it has created. In addition, the
visualization allows information to be presented to the user, or to a group of
users, allowing them to liaise and collectively explore the space.

Since the system can work in real time, new data could be constantly added
into the system — users are not constrained to working with a fixed data set.
The plasticity of both the visualization approach and the GA-based knowledge
discovery system ensures that if new parameters or features of the current data
set are discovered these can be added in as well. Haiku could therefore utilize
new contextual and environmental information in real time, tapping in to both
machine and human capabilities for adaptively processing changing data.



50 Andy Pryke and Russell Beale
2 Approach

2.1 Visualization

The visualization engine used in the Haiku system provides an abstract 3-d
perspective of multi-dimensional data based on the Hyper system[7-9] for force
based visualization. The visualization consists of nodes and links (similar to a
ball-and-stick model, only dynamic), whose properties are given by the param-
eters of the data. Data elements affect parameters such as node size, mass, link
strength and elasticity, and so on. Multiple elements can affect one parameter,
or a subset of parameters can be chosen.

Many forms of data can be visualized in Haiku. Typical data for data mining
consists of a number of individual “items” (representing, for example, customers)
each with the same number of numerical and/or nominal attributes. This is
similar to standard dimension reduction methods used for solely numerical data
such as Projection Pursuit [5] and Multi Dimensional Scaling [6], but applicable
to data with a mix of nominal and numeric fields. What is required for Haiku
visualization is that a similarity can be calculated between any two items. The
similarity metric should match an intuitive view of the similarity of two items.
In most cases, a simple and standard distance measure performs well.

To create the visualization, nodes are initially scattered randomly into the
3d space, with their associated links. Movement in this space is determined by
a set of rules similar to the laws of physics. Links want to assume a particular
length, determined by their elasticity and the nodes they are connected to — and
the parameters of these are affected by the data. They pull inwards until they
reach that length, or push outwards if they are compressed, just as a spring does
in the real world. The more similar an item, the stronger the link connecting
them. Nodes repel each other, based on their mass. This whole approach can be
seen as a force directed graph visualization. This initial state is then allowed to
evolve, and the links and nodes shuffle themselves around until they reach a low
energy, steady state. Since the strongest forces are between the items that are
the most similar, they tend to cluster in the same area of space — items unrelated
to each other are not connected and hence occupy different areas of space. The
repulsive force between nodes is used to spread them out.

The physics of the space are adjustable, but are chosen so that a steady
state solution can be reached that is static — this is unlike the real world, in
which a steady state exists that involves motion, such as we see in planetary
orbits. Having a static steady state is easier to explore, since the visual system
is especially sensitive to motion and hence orbiting systems tend to become the
focus of attention.

The system effectively reduces the data dimensionality to 3D. However, un-
like traditional dimension reduction methods, there is no predefined mapping
between the higher and lower dimensional spaces.

Computationally, the process scales exponentially with the number of links,
which is usually proportional to the number of data points. For small data sets
(up to 1000 nodes) the process can be allowed to run in real time. For larger data
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Fig. 1. A collapsed graph (of Soybean data shaded by class).

sets there needs to be a number of optimizations: only considering the strongest
links, introducing locality of influence and so on.

2.2 Perception-Oriented Visualization

The interface provides full 3D control of the structure, from zooming in and out,
moving smoothly through the system (flyby), rotating it in 3D, and jumping to
specific points, all controlled with the mouse.

Some typical structures emerge, recognizable across many data sets. These
include clusters of similar items, outlying items not in any particular cluster,
and internal structures within perceived clusters. For example, the data may be
seen as divided into two main groups, both of which contain a number of sub-
groups. Examples of data visualization are shown in the case studies (Sections
4.1 and 4.2).

2.3 Interaction with the Data Visualization

When features of interest are seen in the visual representation of the data they
can be selected using the mouse. This opens up a number of possibilities:

— Data identification
— Re-visualization
— Explanation
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The simplest of these (data identification) is to view the identity or details
of items in the feature, or export this information to a file for later use.

Another option is to re-visualize the data set without the selected data or
to focus in and only visualize the selected data. This can be used to exclude
distorting outliers, or to concentrate on the interactions within an area of in-
terest. Of course, we can data mine the whole data set without doing this, the
approach taken by many other systems. One of the features of the Haiku system
is the interactive indication of the things that we are currently interested in, and
the subsequent focusing of the knowledge discovery process on categorizing or
distinguishing that data.

A key feature of the system is that the user selection process takes full ad-
vantage of the abilities of our visual system: humans are exceptionally good at
picking up gross features of visual representations. Our abilities have evolved
to work well in the presence of noise, of missing or obscured data, and we are
able to pick out both simple lines and curves as well as more complex features
such as spirals and undulating waves or planes. By allowing user input into the
knowledge discovery process, we can effectively use a highly efficient system very
quickly as well as reducing the work that the computational system has to do.

The third option asks the machine to process the selected data. This is the
most striking feature of the system: its ability to “explain” why features of
interest exist. Typical questions when looking at a visual representation of data
are: “Why are these items out on their own?”, “What are the characteristics of
this cluster?”, “How do these two groups of items differ?”. Applying a machine
learning component generates answers to these types of question.

The interaction works as follows: first, a group or number of groups is selected.
Then the option to explain the groups is selected. The user answers a small
number of questions about their preferences for the explanation (short/long;
highly accurate/general characteristics etc.) The system then returns a set of
rules describing the features selected, and ensures that the rules conform to the
level of detail that the user requires.

As an alternative, the classic machine learning system C4.5 [4] may be used
to generate classification rules. Other data mining systems may also be applied
by saving the selected feature information to an external file.

2.4 Knowledge Visualization and Feedback

The results from the GA can be fed back into the visualization to give extra
insight into their relationships with the data. Identified clusters can be colored,
for example, or rules added and linked to the data that they classify, as in Fig. 2.

In this figure, classification rules are the large spheres, with the data being
the smaller spheres. Both are colored by class. Rules form part of an ordered rule
set. If the first matching rule in the rule set correctly classifies an item of data,
they are linked with a white line. If the rule set classification is incorrect, the
rule and data are linked with a red (dark grey) line. Cyan (or light grey) links
are between the rules and the data that are covered by rules further down the
rule set. The visualization reorganizes itself to show these relationships clearly.
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A number of things are immediately more apparent from this visualization
than from a textual description. On the left of the figure is a group of five green
(mid grey) rules, floating between them is the data they classify correctly. The
rule at the top of the group can be seen to also classify some blue (dark grey)
data incorrectly. Most interesting in the group is the right most rule, which not
only “wins” the competition to classify the data correctly, it also misclassifies a
number of other data points (red/dark grey links to right and below). This rule
is obviously too general. From the visualization we can see that removing this
rule would reduce the number of incorrect classifications, without affecting the
number of items correctly classified.

It is interesting to note that as this visualization depends solely on the rela-
tionship between knowledge (e.g. classification rule) and data, it can be applied
to a very wide range of discoveries, including those made by non-symbolic sys-
tems such as neural networks.

The system is fully interactive. The user can identify different characteristics
and instruct the GA to describe them, and so the process continues. This synergy
of abilities between the rapid, parallel exploration of the structure space by
the computer and the user’s innate pattern recognition abilities and interest in
different aspects of the data produces a very powerful and flexible system.

2.5 Genetic Algorithms for Data Mining

We use a genetic algorithm (GA) approach for a number of reasons. First, a
GA is able to effectively explore a large search space, and modern computing
power means we can take advantage of this within a reasonable time frame.
Secondly, one of the key design features is to produce a system that has humanly

- - =

Fig. 2. Rule Coverage and Accuracy. Dark links indicate incorrect classification.
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comprehensible results. Rules are inherently much more understandable than
decision trees or probabilistic or statistical descriptions.

Thirdly, the genetic algorithm aims to discover rules and rule sets which
optimize an objective function (“fitness”), and manipulation of this allows us
to explore different areas of the search space. For example, we can strongly
penalize rules that give false positive in order to obtain rules that can be used to
determine the class of new data examples. Alternatively, we can bias the system
towards rules that indicate the typical characteristics of items in a group, whether
these characteristics are shared with another group or not. Short rules with few
terms are going to be easier to comprehend than longer ones, but longer rules
reveal more information. We can allow the user to choose which they would
prefer by controlling the fitness function. Initially we might prefer short rules,
in order to get an overview. Note that since the Haiku system is interactive
and iterative, when we have a higher level of comprehension, we can repeat the
process but allow the rules to become longer and hence more detailed, moving
our understanding from a broad overview to comprehending the details.

We use a special type of GA that evolves rules; these produce terms to
describe the underlying data of the form:

IF term OP value|range (& ...) THEN term OP value|range (& ...)

where term is a class from the data set, OP is one of the standard comparison
operators (<, >, =, £,"), value is a numeric or symbolic value, and range is a
numeric range. A typical rule would therefore be:

IF colour=red & texture=soft & size < 3.2 THEN fruit=strawberry

There are three situations that are of particular interest to us:

— Classification: when the left hand side of the equation tries to predict a single
class (usually known) on the right hand side

— Characterization: when the system tries to find rules that describe portions
of the data set

— Association: which detects correlations in attribute values within a portion
of the data set

The algorithm follows fairly typical genetic algorithmic approaches in its
implementation, but with specialized mutation and crossover operators, in order
to explore the space effectively. We start with a number of random rules created
using values from the data. The rules population is then evolved based on how
well they perform. The fittest rules are taken as the basis for the next population,
with crossover creating new rules from clauses of previously successful rules.
Mutation is specialized: for ranges of values it can expand or contract that range;
for numbers it can increase or decrease them; for operators it can substitute them
with others.

Statistically principled comparisons showed that this technique is at least as
good as conventional machine learning at classification [1], but has advantages
over the more conventional approaches in that it can discover characteristics and
associations too.
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3 Case Studies

3.1 Case Study 1: Interactive Data Mining of Housing Data

The Boston Housing Data [3] is a classic, well-known dataset available from the
UCT Machine Learning repository [2]. Haiku was used to visualize the data. The
complex clustering shown in Fig. 3 was revealed.

Two fairly distinct groups of data are visible, which show smaller internal
features such as sub-groups. The two main groups were selected using the mouse,
and short, accurate, classification rules were requested from the data mining sys-
tem. These rules are shown:

Bounds_river = true = GROUP_1
Accuracy: 100% Coverage:43%

PropLargeDevelop = 0.0 AND 9.9 < older_properties_percent
< 100.0 AND Pupil_teacher_ratio = 20.2 = GROUP-1
Accuracy: 94}, Coverage: 83}

Bounds river = false AND 4 < Highway.access < 8 = GROUP_2
Accuracy: 100% Coverage: 77%

Bounds_river = false AND 264 < Tax_rate < 403 = GROUP_2
Accuracy: 100% Coverage:69%

2.02 < Industry_proportion < 3.41 = GROUP_2
Accuracy:98} Coverage: 13%

Fig. 3. Clustering of Boston Housing Data.
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5.68 < Lower_status_percent < 6.56 = GROUP_2
Accuracy: 96% Coverage: 75%

Bounds_river = false = GROUP_2
Accuracy: 73% Coverage: 100%

This case study illustrates the following characteristics:

— The interactive visual discovery approach has revealed new structure in the
data by visual clustering.

— We have used human visual perception to determine features of interest, and
application of the data mining algorithm has generated concrete information
about these “soft” discoveries.

— Together, interactive data mining has delivered increased knowledge about
a well known dataset.

3.2 Case Study 2: Applying HAIKU to Telecoms Data

Justification. Massive amounts of data are generated from monitoring telecom-
munications switching. Even a small company may make many thousands of
phone calls during a year. Telecommunications companies have a mountain of
data originally collected for billing purposes. Telecoms data reflects business
behavior, so is likely to contain complex patterns. For this reason, Haiku was
applied to mine this data mountain.

The data considered detailed the calling number, recipient number and du-
ration of phone calls to and from businesses in a medium sized town. Other
information available included business sector and sales channels. All identity
data was anonymized.

Call Patterns of High Usage Companies: Visualization. A number of
companies with particularly high numbers of calls were identified. These were
visualized separately to identify patterns within the calls of an individual com-
pany. Figure 4 shows a clustering of calls from a single company. The most
immediately obvious feature is the “blue wave” to the right of the image. This
has been labeled A. Also visible are various other structures, including the two
cluster labeled B and C.

Discoveries. After identifying these features, we then asked the system to
explain their characteristics. The following rules were discovered by the system,
and translated into sentence form for clarity.

— All calls in group A are to directory enquiries.

— Further investigation, selecting parts of the “blue wave” showed that the
wave structure was arranged by hour of day in one dimension and day of
week in the other.

— Within group B, about 70% of calls are to two numbers. 90% of all calls to
these numbers fall into group B. Almost all of the remaining 30% of calls in
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Fig. 4. Visualization of Telephone Calls from one Site — User Selected Groups are
Marked.

group B are to another two numbers. Most long distance ISDN calls are in
group B. All but one call in the group has these properties. Most calls in the
group are also charged at the same rate.

— About 80% of Group C calls are ISDN calls, and about 10% are from Pay-
phones. About one third occur between 21:00 and 22:59, and about one half
start at 15 minutes past the hour. Most are long distance calls. About 50%
of the calls are very long, lasting between 8 and 15.5 hours.

For this data set, Haiku discovers some very interesting facts about the calling
patterns of a company. Notice that we can produce short, comprehensible rules
that cover a significant portion of the data set, which are intrinsically much more
usable than detailed descriptions of 100% of the data. These insights can then
be used by the company to optimize their phone usage, or, as for this study,
to feed back to the telecoms company some concepts for marketing and billing
strategies.

4 Survey of Relevant Studies

4.1 Ambient and Virtual Reality Approaches to Data Mining

Ambient visualization systems are getting closer to becoming commonplace. Real
and immersive 3D visualization system are becoming cheaper (e.g. GeoWall [10])
and so are high-resolution multi screen or “tiled” displays such as those used
in the TeraScope system [11]. These hardware developments are reflected in a
growth in data mining and data visualization systems using virtual reality.
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Due to cost, the number of non-immersive 3D systems greatly outnumbers
immersive ones. However some immersive data mining projects are up and run-
ning. For example, a 3D virtual reality environment for data mining (3DVDM)
is discussed in Nagel et al. [12]. It uses 3D scatter plots with colored and shaped
icons to represent data points and summaries. Another virtual reality system for
data mining, TIDE [13], take a similar approach. Dive-On [14] displays take the
same form, but with the addition of OLAP style drill-down and roll-up in a im-
mersive environment. In [15] “Dynamic Visualization” is added to the 3DVDM
system, changing either the points displayed or their properties (color, size etc)
over time according to a fourth variable.

It seems clear that many research groups will be able to afford real 3D or large
screen/high-resolution displays in the near future. The question that interests
us most in this chapter is “what will be displayed on those screens?” Therefore,
the review below focuses on data visualization and visualization of data mining
discoveries.

4.2 Data Visualization

Approaches to Multivariate Data Visualization. The visualization of
multi-dimensional data is hard for two major reasons. First, the human visual
system is designed to perceive objects in three spatial dimensions (and one tem-
poral dimension). Secondly, most computer displays are normally only capable
of displaying information in two spatial dimensions (and one temporal dimen-
sion). So, to display objects with greater than 2 or 3 dimensions on a normal
screen, we need to do more than simply place an object at a particular posi-
tion in a 2-dimensional space. There are several approaches to the visualization
of multi-dimensional data that lacks natural spatial axes including: traditional
simple methods; object mapping; pixel based methods; dimension reduction; and
network visualization. These are summarized below with references to key or ex-
amplary work. A comprehensive overview of database visualization techniques
for exploratory analysis can be found in Daniel Keim and Mihael Ankerst’s tu-
torial [22].

Simple Methods. Simple, traditional, non-computer based methods of graph-
ically presenting data include scatter plots, histograms and line graphs. The
computerization of these methods has had two major effects: firstly, these visu-
alizations are now quicker and easier to generate and secondly, they have been
extended into 3 dimensions. 3D effects may be obtained on paper by use of per-
spective, but a more effective method is to combine this with animated rotation.

Scatter plots represent the occurrence of data points with 2 numeric variables,
by plotting symbols on a 2D plane. A third (normally nominal) variable is often
used to determine which symbol is plotted. Computers have made it possible
to extend scatter plots to 3 dimensions. Rotating the plot, and using motion
parallax clues may obtain a 3D effect. In addition, more than 3 dimensions may
be displayed by collapsing several dimensions into one using techniques such as
projection pursuit or by using time as a fourth dimension.
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Object Mapping. Object mapping embeds information about some or all of
the dimensions in the appearance of an object representing an item of data.
Most of this work takes an iconic approach, for example, Chernoff faces [17] map
different dimensions to the appearance of eyes, ears, mouth etc. on a computer-
generated face. Another technique, parallel co-ordinates [18-21,38], uses the
crossing points of a line on parallel axes to represent an object in dimensional
space. These lines can be thought of as dynamically generated icons.

Pixel Based Methods. Pixel based methods achieve a high information den-
sity by using individual pixels to represent fields in data items, or even items as
a whole [44,22]. One major problem to be addressed is how to choose a unique
pixel for each item. Keim [44, 22] solves this problem in two parts. First, he im-
poses an order on the tuples. Secondly, he makes use of space-filling curves to
transform one-dimensional ordering into two dimensions.

Spenke and Beilken [23] detail the use of the interactive visualization based
data mining tool InfoZoom to the large financial data set used for the PKDD’99
Discovery Challenge. InfoZoom uses a spreadsheet-like approach to interaction.
When too many values are present to be shown numerically, each value is re-
placed by a single pixel, giving a scatter plot like view of the data. The visible
data can be constrained to subsets with particular properties, or sorted by an
attribute to reveal correlations. When a subset is selected, animation is used to
show a gradual change between the values for the whole data set and the values
for the subset. Formulas can also be added to the “spreadsheet”, for example to
calculate averages. InfoZoom can be used either in an exploratory or hypothesis
driven manner and seems simple enough to be used by domain experts after
training. The system appears best suited to smaller data sets, the example in
[23] uses around 700 items.

Dimension Reduction. Dimension reduction methods are normally applied
to purely numeric data. They map the original dimensions (fields) of data into a
smaller number of numeric dimensions, while attempting to retain or illustrate
relevant properties of the original space, such as distances between items or
patterns in item distribution.

Projection maps positions in N dimensions into 2 (or 3 or N) dimensions in a
similar way to a 3D object casting a shadow on a 2D surface. As the 3D object is
rotated, its shadow changes, and different features of the object become visible.

The grand tour [26,27] is an automatically generated sequence of projections
from N-dimensions that show the data from almost every possible angle. How-
ever, this can be time consuming and many of the views will not be of interest.

Projection pursuit [5] automates the identification of interesting views. A
heuristic measure, the “projection index”, is optimized to find an “interesting”
view, typically by simulated annealing. Different projection indices may, for ex-
ample, maximize the clustering of points or spread points over the 2D space. A
number of variants on the original projection pursuit algorithm are discussed in
[25]. XGobi [28,30] and GGobi [31,30] are the most commonly available imple-
mentations of the grand tour and projection pursuit.
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Fastmap [32] can be used to reduce N-dimensional data sets to two or three
dimensions for visualization. As the algorithm attempts to preserve distances
in the reduced space, visual identification of clusters can be made. FastMap’s
advantage over other methods of transforming multidimensional data into a 3D
space is its speed — O(Nk) for N objects projected into a k dimensional space.
One disadvantage is that, compared with Multi Dimensional Scaling (MDS), it
fares less well in preserving the distance between objects when they are projected
into a lower dimensional space. Another disadvantage is that FastMap uses a line
between two of the further apart objects (“pivot objects”) to provide an axis for
the first reduced dimension. Other axes are then placed perpendicular to this.
If the pivot objects chosen are atypical (outliers), then this initial axis could be
unsuitable.

Despite these possible problems, FastMap gives good visualizations on both
synthetic and real world data, with clusters and patterns in the data clearly
visible. Its scalability means that it is suitable for interactive use with large
amounts of data.

Network Visualization. Netmap [33] is a successful commercial data mining
visualization package. Typical applications include fraud identification, criminal
investigation, and social network analysis.

Nodes representing entities in the database are placed around the perimeter
of a circle. Links representing relationships between entities are drawn across
the circle. Nodes can be grouped, and then appear next to each other. Nodes
and links can be labeled and pruned according to their attributes. Nodes with
few links can be removed reducing clutter.

4.3 Discovery Visualization

Discovery visualization is important; as data mining systems grow more pow-
erful, we risk entering the era of “discovery overload” while trying to solve our
“data overload” problems. There has been comparatively little work on the visu-
alization of discoveries, and much work tends to be limited to specialized forms
of rules, or unable to cope with modest numbers of discoveries. Below we briefly
outline some of the approaches that have been tried, and identify some of their
strengths and weaknesses. Another useful review of visualization for clustering
and association discoveries can be found in Celar et al. [41].

Two Antecedent Association Rules. Fukuda et al. [34] present a system for
visualization of individual rules. However, it is limited to rules with 2 numeric
conditions, and a single boolean conclusion. For example:

18 < Age < 25 and 10,000 < Income < 25000 Implies Bad._risk=true

Rules are visualized on a plane, with one axis representing each numerical
attribute. The plane is divided into a number of pixels by partitioning the values
into fixed size buckets. Pixel color represents rule confidence with redder pix-
els representing more confident rules. Pixel brightness approximates support. A
good rule appears as a bright red region of the plane. Regions meeting a thresh-
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old of support and confidence can be selected interactively. The main advantages
of this method are that it is visually simple, and the rules it discovers are not
limited to rectangular regions.

Purple Insight’s MineSet product (originally marketed by SGI), contains a
number of discovery visualization methods. The most relevant is a graphical table
illustrating the co-occurrences of “true” values for pairs of binary attributes.
Again this is limited to discoveries with two antecedents. MineSet also provides
decision tree and class probability visualizations [36, 37].

Han et al.[40] present a framework for interactive knowledge discovery, and
a number of examples of the AVis system. AVis uses scatter plots and simi-
lar visualizations for data preparation and cleaning, a choice of discretization
boundaries for numerical data, and visualization of associations between pairs
of attributes.

Graph Based Approaches. Klemettinen’s system [35] visualizes interactions
between attributes in sets of rules using an attribute graph. Nodes represent
attributes, and links their co-occurrence. The number of rules visualizable is
greatly limited by the use of arc thickness to convey statistical information, and
also by clutter and crossing of arcs.

Hao et al.[39] describe the “Directed Association Visualization” (DAV) sys-
tem for 3D force based graph visualization of two item association rules. The
term “association rule” is a common one, however, when only two items are in-
volved, “association” might also be used. The visualization aims to identify pairs
of products that are bought together, one of their examples being that 85% of
purchasers of computer printers also buy paper.

The system visualizes graphs in which nodes represent items and directed
links represent associations. Colors of links represent confidence, and support
is reflected in the distance between items. In addition, clusters of items can be
detected and wrapped in a surface. This reduces visual complexity and is a form
of discovery in itself, indicating that items in the cluster a similar.

An example in [39] shows a graph with approximately 180 nodes and 1400
links, summarizing 250,000 transactions. This can be visualized in real time.

Attribute Utility. Bruzzese and Davino [38] present a method for the visu-
alization of multiple antecedent association rules, for pruning of rule sets and
identification of relevant attributes. Multiple rules can be plotted on parallel
co-ordinates using “Item Utility” for each of their attributes, based on the con-
tribution of the attribute to rule accuracy.

Hofmann et al [42] present a method for visualizing the support and confi-
dence of association rules with multiple conditions using mosaic plots and double
decker plots. These show bar chart like representations with an area proportional
to support, partially colored to reflect confidence.

Clustering. Discoveries Bruzzese and Davino [38] use Multiple Correspondence
Analysis to project rule antecedents and consequents into a 2D space, where clus-
tering is observed. Tsumoto and Hirano [43] calculate rule similarity measures
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based on both shared attributes (syntactic similarity) and shared coverage of
data (semantic similarity). Multi Dimensional Scaling is applied to these to vi-
sualize the rules in 2D, and clustering of similar rules becomes clearly visible.

5 Conclusion

The Haiku system for information visualization and explanation provides a useful
interface for interactive data mining. By interacting with a virtual data space
created dynamically from the data properties, greater insight can be gained than
by using standard machine learning based data mining. It allows users to explore
features visually, to direct the computer to generate explanations and to evaluate
the results of their exploration, again in the visual domain. This combination
of intuitive and knowledge driven exploration with the mechanical power of the
learning algorithms provides a much richer environment and can lead to a deeper
understanding of the domain.
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1 Introduction

The term ‘data-stream’ is an increasingly overloaded expression. It often means
different things to different people, depending on domain, usage or operation.
Harold (2003) draws the following analogy:

“A [stream] analogy might be a queue of people waiting to get on a ride
at an amusement park. As people are processed at the front (i.e. get on
the roller coaster) more are added at the back of the line. If it’s a slow
day the roller coaster may catch up with the end of the line and have to
wait for people to board. Other days there may always be people in line
until the park closes...There’s always a definite number of people in line
though this number may change from moment to moment as people enter
at the back of the line and exit from the front of the line. Although all
the people are discrete, you’ll sometimes have a family that must be put
together in the same car. Thus although the individuals are discrete, they
aren’t necessarily unrelated.”

For our purposes we define a data-stream as a series of data (e.g. credit card
transactions arriving at a clearing office, cellular phone traffic or environmental
data from satellites) arriving in real time, that have an initiation, a continuous
ingest of data, but with no expectations on the amount, length, or end of the data
flow. The data stream does not have a database or repository as an intrinsic part
of its definition—it is a ‘one-look’ opportunity from the perspective of data stream
analytics. We call each data element in the stream a token and the complexity
of these tokens ranges from simple (e.g. characters in a sentence: “T HI ST S
ASTRE A M...”) to extremely complex (e.g. a detailed transaction record).
The volume of data-streams is usually massive, and while each individual token
may be rather uninformative, taken as a whole they describe the nature of the
changing phenomena over time.

The properties of data streams differ from conventional stored relations in
many ways. They have no width or flow boundaries, meaning that there is no
control over the total amount of data flowing, or differences in flow volume
arriving at any particular moment. They are also time varying and unpredictable;
flow can start or stop at any point and the number of tokens per unit time that
are delivered to a receiver vary. In addition, we have no control over the order
in which data items arrive; some data-streams provide tokens in order, while
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© Springer-Verlag Berlin Heidelberg 2005
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others do not. Due to the volume of data, after tokens are processed they are
typically discarded and cannot (usually) be retrieved for further analysis (i.e.
they are non-persistent). Finally, data streams usually carry data of a known
structure. Transmitters of stream data may insert data that does not subscribe
to the agreed format, and the stream mechanism may carry these ‘false’ tokens
but without a receiver to process them, they simply become noise. While our
work on streaming data is aimed at covering multiple media types (VAST: video,
audio, still image and text), our initial focus is on textual information, abridged
from structured or unstructured documents.
Many examples of streaming data can be found on the internet:

— Real-time raw traffic loop sensor data: At http://128.95.29.3:8411, self-de-
scribing data from the Seattle metropolitan area highway system may be
viewed in a browser. This information is processed to display the area’s traffic
flow map available at http://www.wsdot.wa.gov/PugetSoundTraffic/.

— Real-time stock quotes: At http://www.pcquote.com, clicking on the ‘stock
ticker’ button brings up a streaming ticker of stock prices and averages at
the top of your browser.

— Audio news feeds: At http://www.npr.org/audiohelp/progstream.html,
clicking on the NPR audio online button, delivers a streaming news broad-
cast, available via RealAudio and other audio players.

— Video news feeds: At http://www.cnn.com/video/, several video clips are
available to review the daily news. Although these are not continuous streams
of video, they are representative of the type of video information becoming
available in streaming format.

Browsers and other applications are able to process and present this infor-
mation in formats that are often very convenient to the casual user. Yet, data
streams represent a significant challenge to information analysts wishing to use
information in more complex ways. To look at potential future issues with re-
spect to streaming data, Lyman and Varian [1] examined the data flows associ-
ated with two common information broadcast media: television and radio. They
used the CTA World Factbook to find that there are 33,071 television stations in
the world. Assuming these stations broadcast about 16 hours per day, this would
equal about 193 million hours total programming. They estimated that 25% of
the programs were original, leading to a figure of 48 million hours each year.
Using the low end of their storage estimates that one-hour of video requires 1.3
GB of storage, then worldwide, program storage would be about 63,000 TB. For
radio, they estimated that FM radio stations broadcast 20 hours per day, AM
stations 16 hours per day, and shortwave stations 12 hours per day. Therefore,
they estimated that there is approximately 290 million hours (188 million FM,
98 million AM, and 6 million shortwave) of radio programming per year. Apply-
ing a 50 MB /hour rule of thumb, we come to an estimate of the annual storage
requirement of about 14,500 TB if one were to record everything broadcast on
radio. At the time of writing, a typical desktop workstation comes equipped
with an 80 GB hard disk. Assuming all disk space is available for storage (an
incorrect, but simplifying assumption, as some space needs to be used to hold
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the system software), this allows a mere 53 hours of local video storage or 1600
hours of radio. This example of potential information overload provides some
support for the argument that one-look stream processing is a desirable capabil-
ity for the desktop system. Being selective and only choosing elements of interest
drastically reduces the burden.

Data-streams are essential parts of the scientific discipline, intrinsic to a
growing number of research areas. ‘Knowledge workers’” who find themselves
working in these areas are in dire need of tools that help them deal with the
substantial volume and high complexity that modern streamed data possesses.
Our goal in this paper is to put forth a concept for a future generation analytical
environment for scientific discovery within data-streams. We take a component
approach, utilizing prototypical elements designed under different auspices for
diverse purposes and describe an approach to bring them together to provide
an ambient environment for collaborative study and a platform for data-stream
research.

First, we discuss our stream-processing component, designed as a first step
in marshalling complex data streams into something actionable.

2 Stream Processing Component

The concept of our stream-processing engine (shown in Fig. 1) is to provide the
ability to drastically reduce incoming data-streams to more manageable levels
by allowing the knowledge worker to implicitly define filters that restrict content
to only those tokens of intellectual value. We utilize a Content-based Messag-
ing System (CBMS) [2], an optimized J2EE Java Messaging Service (JMS) that
provides highly efficient message formatting and filtering. In our prototype, this
reduced stream is then routed through a set of algorithms that produce signa-
tures (a compressed representation of the original token). A signature expresses
the semantic content of the data sub-stream it encodes with reference to top-
ics that are discovered through an unsupervised classification model. Such a
classification model is augmented with a process of ontological annotation that
identifies relevant entities and relations among them in terms of reference generic
and domain specific ontologies. The topics, entities and relations discovered are
then utilized to provide users with an information rich visualization of the data
stream.

As signatures are generated, they are consumed into a descriptive profile (a
representation of the status quo of the reduced stream). On a token-by-token
basis, the profile may grow or remain the same depending on what that particular
signature adds to the current knowledge of this stream. After a user-defined
training period, new signatures from arriving tokens in the stream are compared
against the profile and evaluated for novel content that the knowledge worker
may be interested in.

One of the advantages of this approach is that, depending on the require-
ments of the user, different sets of algorithms may be used to perform different
actions. For example, if the user wants to monitor a data stream for new, novel
content (as described above), a change detection mode of operation is selected.
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Fig. 1. Data Stream Processing Engine Concept.

If, on the other hand, a classification mode of operation is required, a different
set of algorithms could be substituted to perform clustering of documents into
specific folders dependant on content. This ‘plug and play’ nature of our streams
processing concept can be seen in Fig. 2

Viewing this process from the user’s standpoint, prior to any stream process-
ing the user of the system creates a ‘stream tap’: a description of what particular
stream they are interested in, and what operations they wish to perform. This
tap also defines report settings such as how they wish to be notified (e.g. email,
SMS text messaging, etc). Figure 3 shows a schematic of the user interface el-
ements that produce the steam tap. First of all, the set of streams available to
the user are presented. This usually includes all the streams that have been pro-
cessed for inclusion in our prototype (i.e. had XML stream format descriptors
created) although security mechanisms could be incorporated so to present only
streams that a particular user is cleared to use. After selecting a stream, the
prototype verifies that the stream is available and running (i.e. currently being
received). It would be inefficient to have our system receive streams that are
not currently being tapped, so a stream is only received when there is interest
in it. The next step is to allow the user to reduce the stream, if applicable. For
operations like change detection, users are often interested in specific parts of a

Reduced
Data
Stream

Original
Data Stream

Slgnatures

Content based Clustering

Fig. 2. Component Nature of the Data Stream Processing Engine.
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Fig. 3. A schematic of the Stream Tap User Interface.

data stream. For example, if a user wanted to tap a data stream of news stories,
and only wanted to know of new events in the Middle East, they may restrict the
data stream to news stories that contain specific keywords in the title. To help
with this step, an exempla from the data stream is presented, and the user may
utilize the filtering capabilities of the CBMS to restrict the stream to a more
manageable level. In some cases, for example when classifying stream content
into concept bins, no reduction is performed. The next step is to classify the
tokens flowing in the data stream. This step allows the system to present the
early results of data reduction and gives the user the opportunity to revise their
reduction criteria. Again, elements of the user interface are specific to the task
in hand. From a clustering perspective this stage would include a breakdown of
what clusters have formed. From a change detection standpoint, the top ‘n’ top-
ics could be presented. The next step allows the user to define what elements of
the process they wish to be notified about. For example, for the clustering task,
this may be a notification when ‘n’ clusters have formed, or when the average
number of items per cluster reaches a threshold. Similarly, for change detection,
this may be a notification when the highest rated topic is replaced, or when
a new topic enters the top ten. The final two steps define system and report
settings. These are defined globally for a user but may be overridden at these
stages if required.

The physical architecture of the data stream engine is shown in Fig. 4. We
rely on open-source components and utilize J2EE to allow for bean processing
of individual tokens.

For each stream that is added to our system, a XML stream format descriptor
depicts the stream content. An ingestor uses this information to extract tokens
from the stream and present them to the CBMS. The tokens that are allowed
to pass through the CBMS are passed to a set of algorithm beans, specific to
the task in hand. A stream profile bean is responsible for describing the current
state of the stream flow and through interactions with the monitor bean, a
decision is made as and when to notify the user of an event. This action is
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Fig. 4. Physical Architecture of the Data Stream Processing Engine.

performed by the report bean, using input from the monitor bean (and based
on a method of notification and notification address supplied by the setting
bean) via JavaMail. The system currently supports email and SMS text message
notifications, however, as is true for the entire system, new methods may be
plugged into the architecture.

For the purposes of our overarching concept here, we rely on this architecture
to reduce the initial data-stream to a manageable and interesting set, providing
a dynamic corpus of documents for the visualization component.

3 Visualization Component

One goal in exploratory information visualization is to present information so
that users can easily discern patterns. These may reveal trends, relationships,
anomalies, and structure in the data, and could potentially help confirm knowl-
edge or hypotheses. Patterns may also raise unexpected questions leading users
to new insights. The challenge is to create visualizations that enable users to
find patterns quickly and easily. Researchers at the Pacific Northwest National
Laboratory have developed a suite of visualization tools that help the knowledge
worker in these tasks [3]. Here, we present ThemeRiver™ [4]'. We shall discuss

! ThemeRiver is a registered trademark of the Pacific Northwest National Laboratory.
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the visual metaphor that ThemeRiver used, the human perceptual processes
that ThemeRiver used to its advantage and the layers of context used to provide
additional information beyond that contained in the source material.

3.1 Visual Metaphor

ThemeRiver draws on the power of the human perceptual system by using fa-
miliar metaphors to help users more easily comprehend the data presented. The
graphic layout was designed to leverage a user’s ability to quickly assimilate
information, drawing on research in cognitive science and psychophysics. The
addition of useful contextual information, such as time lines and event anno-
tations, allows the user to connect the patterns in content to events or time
intervals (e.g. seasons).

Ideally, a visual metaphor facilitates discovery by presenting data in an in-
tuitive way that is consistent with the user’s perceptual and cognitive abilities.
Lakoff and Johnson [5] argue that metaphors are wired into our understand-
ing of particular concepts, using evidence from common linguistic expressions.
One example they cite is the many English expressions that imply that Anglo-
Americans understand time in terms of motion relative to themselves. Some
figures of speech characterize time as moving (e.g., “the time will come” and
“don’t let the opportunity pass”), while others imply that people are the ones
moving through time (e.g., “as we go through the years”). We believe the river
metaphor of theme currents changing over time derives part of its strength from
this cultural understanding.

We use a river metaphor to convey several key notions. The document col-
lection’s time evolution, selected thematic content, and thematic strength are
indicated by the river’s directed flow, composition, and changing width, respec-
tively. The directed flow from left to right is interpreted as movement through
time. In Fig. 5, the river flows from November 1959 to June 1961. The horizontal
distance between two points on the river defines a time interval. For example, the
time interval represented by the distance between the two vertical dotted lines
is almost two months. Like a histogram, ThemeRiver uses variations in width
to represent variations in strength or degree of representation. At any point in
time, the total vertical distance, or width, of the river indicates the collective
strength of the selected themes. The collective theme strength of the river is
quite strong in March 1961 (near the right side of the figure) where the river is
wide; the collective theme strength is much weaker in June 1961 (the far right
of the figure) where the river is narrow.

Colored ‘currents’ flowing within the river represent individual themes. A
current’s vertical width narrows or broadens to indicate decreases or increases
in the strength of the individual theme at any point in time. In Fig. 5 the cyan
current represents ‘weapons’; the weapons theme is relatively weak in November
1959 and relatively strong in December 1959. A current maintains its integrity as
a single entity over time. If a theme ceases to occur in the documents for a period
of time and then recurs, the current likewise disappears and then reappears in
the same color and position relative to the other themes. The weapons theme
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Fig. 5. The ThemeRiver Visual Metaphor.

disappears in the months of January and February 1960 but reappears in March
1960. The entire river may ‘dry up’ for a period of time if the composite currents
all disappear. This is possible because a river can effectively represent only a
subset of themes from a document collection, typically a few dozen selected
themes. In context of the concept presented in this paper, these may represent
the major clusters from a stream or the most significant events that are being
queried for change.

3.2 Perceptual Considerations

During the perception process humans do not organize individual, low-level,
sensed elements but sense more complete ‘packages’ that represent objects or
patterns. In a recent book, Hoffman [5] presents a compelling discussion of how
our perceptual processes identify curves and silhouettes, recognize parts, and
group them together into objects. Numerous aspects of the image influence our
ability to perceive these parts and objects, including similarity, continuity, sym-
metry, proximity, and closure. For example, it is easier to perceive objects that
are bounded by continuous curves than objects that contain abrupt changes [6].

Smooth, continuous curves bound a theme current in the ThemeRiver visu-
alization. A theme current is assigned a single color for the entire length of the
river. The smooth bounds and distinct color help the user track and compare a
current’s behavior along the river. At a glance the user can see the pattern of
the current as an object - where it bulges, where it shrinks, and where it remains
unchanged. We naturally associate the size (area) of the object with strength; a
larger area indicates more strength, while a smaller area indicates less strength.
The absence of the object indicates no use or strength at that time.
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Proximity afforded by stacking the currents makes it easy to compare the
current shapes (smoothly bounded within the same time interval or across neigh-
boring intervals. We can see when two patterns match, when they complement
each other, or when they appear to be uncorrelated. We can also see when the
patterns are concurrent and when they are offset in time. The stacking order of
the currents is consistent along the full length of the river. The consistent use of
color and stacking order helps the user identify currents as the locus of attention
moves across the visualization.

3.3 Layers of Context

The ThemeRiver visualization includes the river of theme currents, a time line
below the river, and markers for related historical events along the top. Providing
such context allows users to evaluate content in relation to issues beyond those
contained within the documents themselves.

Figure 5 shows an interesting example of a related theme and event in the
sudden expansion of the ‘oil’ theme just before Castro confiscated American
oil refineries in 1960. On occasion we find patterns than cannot be explained
until further investigation uncovers events not included in our event stream. For
example, in a later period (not shown) ThemeRiver reveals the use of themes
‘kennedy’ and ‘missiles’ in March 1992. These themes seem outdated for 1992.
On further investigation of events in 1992, we discovered that Castro spoke in
March at a conference marking the 30th Anniversary of the Cuban Missile Crisis
(October 1962). In such cases we can easily add a marker to the event stream.
A user could also add analysis annotations in the same way.

Some additional elements of the ThemeRiver user interface help the user
in their analytical task. A histogram (Fig. 6, right) can show whether stream
content is light on a particular topic for a reason, or simply due to seasonal
causes (for example, the fact that less news is reported at the weekend).

In addition, showing multiple streams head-to-head can allow the user to
compare them (Fig. 6, left). Finally, tracking related themes is simplified by
assigning them to the same color family. This ensures that related themes appear
together and are identifiable as a group.

By associating a mechanism for collecting and simplifying data-streams with
a themed visualization tool, we shall be taking a step towards providing knowl-
edge workers with the types of tools they require for successful stream processing.
While this is certainly a step in the right direction, we are intrigued by the notion
of being subsumed by the data, being perceptually linked to its flow. For these
reasons we consider a third component, a means to engulf the user in the data.

4 Ambient Component

The key to developing the next generation human to information interface is to
move beyond the limitations of small computer monitors as our only view into
the electronic information space and keyboards and mice as the only interaction
devices.
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Fig. 6. Additional ThemeRiver user interface elements.
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Fig. 7. ThemeRiver uses color family to relate themes.

Our physical information space, which includes walls, tables, and other sur-
faces, should now be our view into the electronic information space. People
perform physical interactions with information every day by picking up a book,
building a model, or writing notes on a page. Similar interactions need to be
developed for electronic information. Providing these types of interactions in the
electronic world would allow us to interact more quickly, naturally, and hope-
fully more effectively in the broader context of information exploration. For these
reasons, Battelle, in association with the HITLab, have created the Human Infor-
mation Space (HI-Space) [7] (Fig. 8). This system utilizes knowledge from many
areas of research, including Psychology, Human-Computer Interaction, Virtual
Reality, Kinesiology, and Computer Science, to create a physical workspace that
blurs the boundaries between physical and electronic information. The most de-
sirable aspects of both the physical and electronic information spaces are used
to enhance the ability to interact with information, promote group dialog, and
to facilitate group interaction with information to solve complex tasks.
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Fig. 8. Demonstration of the HI-Space system.

In a HI-Space system, the sensors (camera, radio frequency tagging antenna
and microphone array) are placed over the table to capture user interactions
with a table display. The display itself is a rear-view screen being fed by a stan-
dard LCD projector. The HI-Space creates an interaction space between the
sensor array and the 2D display surface, as depicted in Fig. 9. This creates a
3D interaction volume that allows the user a much greater degree of freedom
than in conventional systems. The system has the potential to interpret gestures
or actions anywhere in the interaction volume and respond accordingly, giving
the HI-Space much greater potential for advanced interactions than technologies
that only mimic touch screen type functionality. The emphasis of our research
has been the development of new interaction techniques and technologies as well
as creating the information workspace. Towards this objective, we are taking
advantage of technologies that are already in the mainstream pipeline, includ-
ing new projector technology, large-screen displays, and high-resolution cameras.
Battelle has a working proof-of-concept HI-Space system at its facilities [8] and
has a second system at the University of Washington’s Human Interface Tech-
nology Laboratory (HITL) [9]. Other HI-Space systems are in use at other sites
around the USA (e.g. the GeoVISTA Center at Penn State [10]).

The core software of the HI-Space system is the underlying computer vision
library that takes incoming video images and recognizes two new classes of in-
put devices: pointers and objects. Pointers are anything that is reaching into
the interaction volume, for example, a hand or handheld stylus. An object is
something that has been placed on the display surface and left there. The use of
objects in video tracked systems has been discussed extensively under the topic
of tangible interfaces [11] and hand tracking has occurred in a variety of systems
[12-14]. HI-Space uniquely brings these and other functionality into a group en-
vironment where neither the user nor objects are instrumented or tethered in
any way. All tracking and recognition is from physical characteristics derived
only from the video camera. The system will track as many pointers and objects
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Fig. 9. The HI-Space System.

Fig. 10. Pointers and objects within the HI-Space System.

as are placed inside the interaction volume, however, there is a practical limit
due to problems of recognizing when pointers overlap one another.

When a pointer or object is recognized by the HI-Space library routines, it
passes to the application a set of characteristics about each and every pointer
or object being tracked. These characteristics are updated with each new video
frame. For pointers, the application is sent the location it entered the interaction
volume, where the tip of the pointer is located, length of the pointer, how many
fingers (in the case of a hand) are on the pointer, and if the pointer is in a recog-
nized pose state. The pose is used for hands and is part of a gesture recognitions
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system. Each object has a list of characteristics including, location, size, and
shape. Figure 10 shows an example a processed view with two points (one hand
and one stylus) and one object. What applications choose to do with these new
input devices is solely left to the discretion of the application programmer, just
as is the case with any input device.

The main focus of HI-Space development so far has been to support a num-
ber of Human Computer Interaction (HCI) research issues such as investigating
redundancy of multi-modal input and unencumbered work environments, direct
manipulation as a mechanism for a more natural interface as well as collabo-
rative group interaction of the same data at the same time and in the same
physical space, as well as users at remote sites collaborating via matched tables.
Our focus within this consolidated system is to provide a means for a number
of users to observe, discuss and interact with an information stream, presented
visually in front of them as part of a consolidated system.

5 Consolidated System

The consolidated environment takes each of these elements together to produce
a rich environment for collaborative investigation. Knowledge workers standing
around the HI-SPACE could observe the themes of the selected streams flow,

Fig.11. Next generation environment for scientific discovery in data-streams (Con-
cept).
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changing dimensions as new token influence the status quo. Monitors covering
the walls could hold representations of individual data items or other miscella-
neous statistics. They could also provide expressions of other researchers, con-
nected in from a remote location. We envision the HI-SPACE itself holding the
ThemeRiver visualization, but enhanced to allow users to use hand gestures to
indicate topics of interest. They may use phicons [15], physical objects regis-
tered with the HI-SPACE as placemarkers. These could be placed as stopblocks
on themes that are not considered essential to the current study, or in some
alternative manner so to affect the themes presented. Usability studies will be
required to ascertain the usefulness of an ambient approach to such scientific
discovery, but we believe that by becoming more intrinsically involved with the
data, scientists may be able to uncover unique findings, previously undiscovered.
An artist’s rendition of our concept can be seen in Fig. 11.

6 Summary

We have presented our vision for a next generation analytical environment for
scientific discovery within data-streams. By utilizing components from our re-
search portfolio in Information Analytics, Rich Interaction Environments and
Knowledge Engineering, we envision a system that can handle massive data
streams of differing data types, present the most important elements of these
streams visually and allow for advanced interactions within a group context.
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Shape as Memory Storage
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1 New Foundations to Geometry

In a sequence of books, I have developed new foundations to geometry that are
directly opposed to the foundations to geometry that have existed from Euclid to
modern physics, including Einstein. The central proposal of the new foundations
is this:

SHAPE = MEMORY STORAGE

Let us see how this contrasts with the standard foundations for geometry that
have existed for almost three thousand years. In the standard foundations, a
geometric object consists of those properties of a figure that do not change
under a set of actions. These properties are called the invariants of the actions.
Geometry began with the study of invariance, in the form of Euclid’s concern
with congruence, which is really a concern with invariance (properties that do
not change). And modern physics is based on invariance. For example, Einstein’s
principle of relativity states that physics is the study of those properties that
are invariant (unchanged) under transformations between observers. Quantum
mechanics studies the invariants of measurement operators.

My argument is that the problem with invariants is that they are memory-
less. That is, if a property is invariant (unchanged) under an action, then one
cannot infer from the property that the action has taken place. Thus I argue: In-
variants cannot act as memory stores. In consequence, I conclude that geometry,
from Euclid to Einstein has been concerned with memorylessness. In fact, since
standard geometry tries to maximize the discovery of invariants, it is essentially
trying to maximize memorylessness. My argument is that these foundations to
geometry are inappropriate to the computational age; e.g., people want comput-
ers that have greater memory storage, not less.

As a consequence, I embarked on a 30-year project to build up an entirely new
system for geometry — a system that was recently completed. Rather than basing
geometry on the mazimization of memorylessness (the aim from Euclid to Ein-
stein), I base geometry on the mazimization of memory storage. The result is a
system that is profoundly different, both on a conceptual level and on a detailed
mathematical level. The conceptual structure is elaborated in my book Symme-
try, Causality, Mind (MIT Press, 630 pages); and the mathematical structure
is elaborated in my book A Generative Theory of Shape (Springer-Verlag, 550

pages).

Y. Cai (Ed.): Ambient Intelligence for Scientific Discovery, LNAI 3345, pp. 81-103, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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Fig. 1. Shape as history.

2 The Process-Grammar

The purpose of the present chapter is to give an example of the theory without
going deeply into the extensive technicalities. The example we shall choose is
the extraction of memory stored in curvature extrema. I show that curvature
extrema contain an extremely high amount of memory storage, and furthermore
that this storage is organized in a hierarchy I called a Process-Grammar. After I
published this grammar in the 1980’s it was applied by scientists in over 20 dis-
ciplines: radiology, meteorology, computer vision, chemical engineering, geology,
computer-aided design, anatomy, botany, forensic science, robotics, software en-
gineering, architecture, linguistics, mechanical engineering, computer graphics,
art, semiotics, archaeology, anthropology, etc.

Let us begin by understanding the purpose for which the grammar was de-
veloped: inferring history from shape; e.g., from the shapes of tumors, embryos,
clouds, etc. For example, the shape shown in Fig 1 can be understood as the
result of various processes such as protrusion, indentation, squashing, resistance.
My book Symmetry, Causality, Mind (MIT Press), was essentially a 630-page
rule-system for deducing the past history that formed any shape. The Process-
Grammar is part of that rule-system — the part related to the use of curvature
extrema.

3 The PISA Symmetry Analysis

It is first necessary to understand how symmetry can be defined in complex
shape. Clearly, in a simple shape, such as an equilateral triangle, a symmetry
axis is easy to define. One simply places a straight mirror across the shape such
that one half is reflected onto the other. The straight line of the mirror is then
defined to be a symmetry axis of the shape. However, in a complex shape, it is
often impossible to place a mirror that will reflect one half of the figure onto the
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other. Fig 1, is an example of such a shape. However, in such cases, one might
still wish to regard the figure, or part of it, as symmetrical about some curved
axis. Such a generalized axis can be constructed in the following way.

Consider Fig 2. It shows two curves ¢; and cg, which can be understood as
two sides of an object. Notice that no mirror could reflect one of these curves
onto the other. The goal is to construct a symmetry axis between the two curves.
One proceeds as follows: As shown in Fig 3, introduce a circle that is tangential

simultaneously to the two curves. Here the two tangent points are marked as A
and B.

C1

)

Fig. 2. How can one construct a symmetry axis between these to curves?

C4

)

Fig. 3. The points Q define the symmetry axis.
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Next, move the circle continuously along the two curves, ¢; and cs, while
always ensuring that it maintains the property of been tangential to the two
curves simultaneously. To maintain this double-touching property, it might be
necessary to expand or contract the circle. This procedure was invented by Blum
in the 1960s, and he defined the symmetry axis to be the center of the circle as it
moved. However, in my book, Symmetry, Causality, Mind, I showed that there
are serious topological problems with this definition, and I defined the axis to
be the trajectory of the point Q shown in Fig 3. This is the point on the circle,
half-way between the two tangent points. As the circle moves along the curves, it
traces out a trajectory as indicated by the sequence of dots shown in the figure.
I called this axis, Process-Inferring Symmetry Axis, or simply PISA. It does not
have the problems associated with the Blum axis.

4 Symmetry-Curvature Duality

The Process-Grammar to be elaborated relies on two structural factors in a
shape: symmetry and curvature. Mathematically, symmetry and curvature are
two very different descriptors of shape. However, a theorem that I proposed and
proved in [4] shows that there is an intimate relationship between these two
descriptors. This relationship will be the basis of the entire chapter.

Symmetry-Curvature Duality Theorem (Leyton, 1987): Any section of
curve, that has one and only one curvature extremum, has one and only one
symmetry axis. This axis is forced to terminate at the extremum itself.

Fig. 4. Illustration of the Symmetry-Curvature Duality Theorem.

The theorem can be illustrated by looking at Fig 4. On the curve shown,
there are three extrema: my, M, and mg. Therefore, on the section of curve
between extrema mq and ms, there is only one extremum, M. What the theorem
says is this: Because this section of curve has only one extremum, it has only
one symmetry axis. This axis is forced to terminate at the extremum M. The
axis is shown as the dashed line in the figure.

It is valuable to illustrate the theorem on a closed shape, for example, that
shown in Fig 5. This shape has sixteen curvature extrema. Therefore, the above
theorem tells us that there are sixteen unique symmetry axes associated with,
and terminating at, the extrema. They are given as the dashed lines in the figure.
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Fig. 5. Sixteen extrema imply sixteen symmetry axes.

5 The Interaction Principle

The reason for involving symmetry axes is that it will be argued that they are
closely related to process-histories. This proposed relationship is given by the
following principle:

Interaction Principle (Leyton, 1984): Symmetry azes are the directions
along which processes are hypothesized as most likely to have acted.

The principle was extensively corroborated in Leyton [7], in several areas of per-
ception including motion perception as well as shape perception. The argument
used in Leyton [7] to justify the principle, involves the following two steps: (1)
A process that acts along a symmetry axis tends to preserve the symmetry; i.e.
to be structure-preserving. (2) Structure-preserving processes are perceived as
the most likely processes to occur or to have occurred.

6 The Inference of Processes

We now have the tools required to understand how processes can be recovered
from the curvature extrema of shape; i.e., how curvature extrema can be con-
verted into memory stores. In fact, the system to be proposed consists of two
inference rules that are applied successively to a shape. The rules can be illus-
trated by considering Fig 6.

The first rule is the Symmetry-Curvature Duality Theorem (section 4) which
states that, to each curvature extremum, there is a unique symmetry axis termi-
nating at that extremum. The second rule is the Interaction Principle (section
5), which states that each of the axes is a direction along which a process has
acted. The implication is that the boundary was deformed along the axes; e.g.
each protrusion was the result of pushing out along its axis, and each indentation
was the result of pushing in along its axis. In fact, each axis is the trace or record
of boundary-movement!
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Fig. 6. The processes inferred by the rules.

Under this analysis, processes are understood as creating the curvature ex-
trema; e.g. the processes introduce protrusions and indentations etc., into the
shape boundary. This means that, if one were to go backwards in time, undoing
all the inferred processes, one would eventually remove all the extrema. Observe
that there is only one closed curve without extrema: the circle. Thus the impli-
cation is that the ultimate starting shape must have been a circle, and this was
deformed under various processes each of which produced an extremum.

7 Corroborating Examples

To obtain extensive corroboration for the above rules, let us now apply them to
all shapes with up to eight curvature extrema. These are shown as the outlines
in Figs 7-9. When our inference rules are applied to these outlines, they produce
the arrows shown as the inferred histories. One can see that the results accord
remarkably well with intuition.

Further considerations should be made: Any individual outline, together with
the inferred arrows, will be called a process diagram. The reader should observe
that on each process diagram in Figs 7-9, a letter-label has been placed at each
extremum (the end of each arrow). There are four alternative labels, M+, m™,
m™, and M~, and these correspond to the four alternative types of curvature
extrema. The four types are shown in Fig 10 and are explained as follows:

The first two have exactly the same shape: They are the sharpest kinds
of curvature extrema. The difference between them is that, in the first, the
solid (shaded) is on the inside, and, in the second, the solid (shaded) is on the
outside. That is, they are figure/ground reversals of each other. The remaining
two extrema are also figure/ground reversals of each other. Here the extrema are
the flattest points on the respective curves.

Now notice the following important phenomenon: The above characteriza-
tions of the four extrema types are purely structural. However, in surveying the
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Fig. 8. The inferred histories on the shapes with 6 extrema.

shapes in Figs 7-9, it becomes clear the four extrema types correspond to four
English terms that people use to describe processes. Table 1 gives the correspon-
dence:

Table 1. Correspondence between extremum type and process type.

EXTREMUM TYPE «—— PROCESS TYPE

M «—— protrusion
«—— indentation
«—— squashing
«—— resistance

+

m
m
M

What we have done so far is to lay the ground-work of the Process Grammar.
What the grammar will do is show the way each of these shapes deforms into
each other. It turns out that there are only six things that can happen as one
shape transforms into another: i.e., six phase-transitions. These will be the six
rules of the grammar. Let us now show what they are.
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Q10 Q11 Q12

Fig. 9. The inferred histories on the shapes with 8 extrema.
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M+ m- m+ M-

Fig. 10. The four types of extrema.

8 The Method to Be Used

The purpose of the Process Grammar is to yield additional information concern-
ing the past history of the shape.

Our procedure for finding this information will be as follows: Let us imagine
that we have two stages in the history of the shape. For example, imagine being
a doctor looking at two X-rays of a tumor taken a month apart. Observe that
any doctor examines two such X-rays (e.g., on a screen), in order to assess what
has happened in the intervening month. If one considers the way the doctor’s
thinking proceeds, one realizes that there is a basic inference rule that is being
used: The doctor will try, as much as possible, to explain a process seen in the
later shape as an extrapolation of a process seen in the earlier shape. That is,
the doctor tries to maximize the description of history as extrapolations. We will
show how to discover these extrapolations.

Recall that the processes we have been examining are those that move along
symmetry axes, creating extrema. As a simple first cut, we can say that extrap-
olations have one of two forms:

(1) Continuation: The process simply continues along the symmetry
axis, maintaining that single axis.

(2) Bifurcation: The process branches into two axes, i.e., creating two
processes out of one.

Now recall, from Fig 10 that there are four types of extrema M™, m~, m™*, and
M. These were discussed at the end of section 7. It is necessary therefore to
look at what happens when one continues the process at each of the four types,
and at what happens when one branches (bifurcates) the process at each of the
four types. This means that there are eight alternative events that can occur:
four continuations and four bifurcations.

9 Continuation at M+ and m~—

Let us start by considering continuations, and then move on to bifurcations. It
turns out that, when one continues a process at either of the first two extrema,
M™ or m™, nothing significant happens, as follows:
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First consider M ™. Recall from Table 1 (p87), that the Mt extremum cor-
responds to a protrusion. Fig 11 shows three examples of M, the three protru-
sions. We want to understand what happens when any one of the M processes
is continued. For example, what happens when the protruding process at the top
M™ continues pushing the boundary further along the direction of its arrow?

M+

M+ M+

Fig. 11. Continuation at M+ and m~ do not change extremum-type.

The answer is simple: The boundary would remain a M ™ extremum, despite
being extended further upwards. Intuitively, this is obvious: A protrusion remains
a protrusion if it continues. Therefore, from now on, we will ignore continuation
at M as structurally trivial.

Now observe that exactly the same considerations apply with respect to any
m~ extremum. For example, notice that the same shape, Fig 11, has three m~
extrema. Notice also that, in accord with Table 1 (p87), each of these corresponds
to an indentation. It is clear that, if the process continues at a m ™, the boundary
would remain m™~. Again, this is intuitively obvious: An indentation remains an
indentation if it continues. As a consequence, we will also ignore continuation at
m~ as structurally trivial.

In summary, the two cases considered in this section, continuation at M™T
and at m™, are structurally trivial. It will now be seen that continuations at the
remaining two extrema, m™ and M ~, induce much more interesting effects on a
shape.

10 Continuation at m*

According to Table 1 (p87), a m™ extremum is always associated with a squash-
ing process. An example is shown in the top of the left shape in Fig 12. Notice
therefore that the process explains the flattening at this extremum, relative to
the greater bend at either end of the top.

Our goal is to understand what happens when the process at this m™ ex-
tremum is continued forward in time; i.e., the downward arrow pushes further
downward. Clearly, a continuation of the process can result in the indentation
shown at the top of the right shape in Fig 12.
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T1 T2

Fig. 12. Continuation at m™.

The structural change, in going from the left to the right shape, should be
understood as follows: First, the m™ at the top of the left shape changes to the
m~ at the top of the right shape. Notice that the m™ extremum corresponds to
an indentation, as predicted by Table 1 (p87).

An extra feature should be observed: On either side of the m™ extremum,
at the top of the right shape, a small circular dot has been placed. Such a dot
marks a position where the curvature is zero; i.e., the curve is, locally, completely
straight. If one were driving around this curve, the dot would mark the place
where the steering wheel would point straight ahead.

With these facts, one can now describe exactly what occurred in the tran-
sition from the left shape to the right shape: The m™ extremum at the top of
the left shape has changed into a m™ extremum at the top of the right shape,
and two points of zero curvature, 0, have been introduced on either side of the
m~. One can therefore say that the transition from the left shape to the right
shape is the replacement of m™ (left shape) by the triple, 0m~0 (right shape).
The transition is therefore:

mT — 0m 0.

This transition will be labelled Cm™ meaning Continuation at m™*. Thus the
transition is given fully as:

Cm™ : mT™ — 0m™0.

This mathematical expression is easy to translate into English. Reading the
symbols, from left to right, the expression says:

Continuation at m™ takes m™ and replaces it by the triple 0Om 0.

It is worth having a simple phrase defining the transition in Fig 12. Notice that,
since the extremum m™ in the left shape is a squashing, and the extremum m™
in the right shape is an indentation, the transition can be described as:

A squashing continues till it indents.
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M+ M+

T3 T4
Fig. 13. Continuation at M ~.

11 Continuation at M~

We will now investigate what happens when the process at the fourth and final
extremum M~ is continued forward in time. As an example, consider the M~
in the center of the bay in the left shape in Fig 13. In accord with Table 1 (p87),
the process at this extremum is an internal resistance. In order to understand
this process, let us suppose that the left shape represents an island. Initially, this
island was circular. Then, there was an inflow of water at the top (creating a dip
inwards). This flow increased inward, but met a ridge of mountains along the
center of the island. The mountain ridge acted as a resistance to the inflow of
water, and thus the bay was formed. In the center of the bay, the point labelled
M~ is a curvature extremum, because it is the point on the bay with the least
amount of bend (i.e., extreme in the sense of “least”).

Now return to the main issue of this section: What happens when the up-
ward resistive arrow (terminating at the M~ extremum) is continued along the
direction of the arrow. This could happen for example, if there is a volcano in
the mountains, that erupts, sending lava down into the sea. The result would
therefore be the shape shown on the right in Fig 13. In other words, a protrusion
would be formed into the sea.

The structural change, in going from the left to the right shape, should be
understood as follows: First, the M~ in the center of the bay (left shape) changes
into the M at the top of the right shape, the protrusion.

An extra feature should be observed: On either side of the M* extremum,
at the top of the right shape, a small circular dot has been placed. Such a dot
again marks a position where the curvature is zero; i.e., the curve is, locally,
completely straight.

Thus we can describe what has happened in the transition from the left
shape to the right shape: The M~ extremum in the bay of the left shape has
changed into a M extremum at the top of the right shape, and two points
of zero curvature, 0, have been introduced on either side of the M ™. In other
words, the M~ in the left shape has been replaced by the triple, 0M +0 in the
right shape. The transition is therefore:

M~ — 0M™To.
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This transition will be labelled C M~ meaning Continuation at M ~—. Thus the
transition is given fully as:

CM~ : M~ — 0M™o0.

This mathematical expression is easy to translate into English. Reading the
symbols, from left to right, the expression says:

Continuation at M~ takes M~ and replaces it by the triple 0MT0.

It is worth having a simple phrase defining the transition in Fig 13. Notice that,
since the extremum M ~ in the left shape is a resistance, and the extremum M
in the right shape is a protrusion, the transition can be described as:

A resistance continues till it protrudes.

Comment: We have now gone through each of the four extrema, and defined
what happens when the process at the extremum is allowed to continue. The
first and second extrema involved no structural change, but the third and fourth
extrema did.

12 Bifurcation at M+

We now turn from continuations to bifurcations (branchings) at extrema. Again,
each of the four extrema will be investigated in turn.

First we examine what happens when the process at a M™T extremum
branches forward in time. As an example, consider the M at the top of the left
shape in Fig 14. In accord with Table 1 (p87), the process at this extremum is
a protrusion. The effect of bifurcating is shown in the right shape. One branch
goes to the left, and the other goes to the right.

The structural change, in going from the left to the right shape, should be
understood as follows: First observe that the single M ™ at the top of the left

Fig. 14. Bifurcation at M™.
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shape, splits into two copies of itself, shown at the ends of the two branches in
the right shape.

There is also another feature. In the center of the top of the right shape, a new
extremum has been introduced, m™*. Note that the process at this extremum is a
squashing, as predicted in Table 1 on p87. This process explains the flattening in
the middle of the top, relative to the sharpening towards either end of the top.
The m™ extremum is a minimum, and is required mathematically, because the
two branching extrema are maxima M, and two maxima cannot exist without a
minimum in between.

With these facts, one can now describe exactly what occurred in the tran-
sition from the left shape to the right shape: The M ™ extremum at the top of
the left shape has split into two copies of itself in the right shape, and a new
extremum m™ has been introduced. That is, the transition from the left shape to
the right shape is the replacement of M (left shape) by the triple, Mtm+*M™
(right shape). The transition is therefore:

MT — MtmtM*.

This transition will be labelled BM ', meaning Bifurcation at M. Thus the
transition is given fully as:

BM*T : MT — MT™m*tM™.

This mathematical expression is easy to translate into English. Reading the
symbols, from left to right, the expression says:

Bifurcation at M™ takes M™ and replaces it by the triple MTm™M™.

It will also be worth having a simple phrase to summarize the effect of the
transition in Fig 14. The structure formed on the right shape has the shape of a
shield, and therefore, the transition will be referred to thus:

Shield-formation.

13 Bifurcation at m~—

Next we examine what happens when the process at a m~ extremum branches
forward in time. As an example, consider the m™~ at the top of the left shape
in Fig 15. In accord with Table 1 (p87), the process at this extremum is an
indentation. The effect of bifurcating is shown in the right shape. One branch
goes to the left, and the other goes to the right. That is, a bay has been formed!
Thus one can regard the transition from the left shape to the right one as the
stage preceding Fig 13 on p92.

The structural change, in going from the left to the right shape in Fig 15,
should be understood as follows: First observe that the single m™ at the top
of the left shape, splits into two copies of itself, shown at the ends of the two
branches in the right shape.
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Fig. 15. Bifurcation at m™.

There is also another feature. In the center of the top of the right shape, a new
extremum has been introduced, M ~. Note that the process at this extremum is
a resistance, as predicted in Table 1 on p87. This process explains the flattening
in the middle of the bay, relative to the sharpening towards either end of the
bay.

With these facts, one can now describe exactly what occurred in the transi-
tion from the left shape to the right shape: The m™ extremum at the top of the
left shape has been replaced by the triple, m~™M ~m™ in the right shape. The
transition is therefore:

m- —m M m.
This transition will be labelled Bm™ meaning Bifurcation at m~. Thus the
transition is given fully as:

Bm~™ :m~ — m M m™.
This mathematical expression is easy to translate into English. Reading the
symbols, from left to right, the expression says:
Bifurcation at m~ takes m™ and replaces it by the triple m~ M —m™.

It will also be worth having a simple phrase to summarize the effect of the
transition in Fig 15. The obvious phrase is this:

Bay-formation.

14 The Bifurcation Format

The previous two sections established the first two bifurcations: those at M+ and
m~ . The next two sections will describe the remaining two bifurcations. However,
before giving these, it is worth observing that the first two bifurcations allow us
to see that bifurcations have the same format as each other, which is shown as
follows:

E — EFEeE.
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An extremum FE is sent to two copies of itself, and a new extremum e is intro-
duced between the two copies. The new extremum e is determined completely
from FE as follows: Extremum e must be the opposite type from F; that is, it
much change a Maximum (M) into a minimum (m), and vice versa. Furthermore,
extremum e must have the same sign as F, that is, “4” or “-”.

15 Bifurcation at m™*

Next we examine what happens when the process at a m™ extremum branches
forward in time. As an example, consider the m™ at the top of the left shape in
Fig 16. In accord with Table 1 (p87), the process at this extremum is a squashing.

The effect of bifurcation is that m™ splits into two copies of itself — the two
copies shown on either side of the right shape. One should imagine the two copies
as sliding over the surface till they reached their current positions.

The other crucial event is the introduction of a new extremum M7 in the
top of the right shape. This is in accord with the bifurcation format described
in the previous section. Notice that the upward process here conforms to Table
1 on p8&7, which says that a M ™ extremum always corresponds to a protrusion.

Thus the transition from the left shape to the right shape is the replacement
of the m™ extremum at the top of the left shape by the triple m™M™m™ in the
right shape. The transition is therefore:

mT — mTMtm™T.

This transition will be labelled Bm™ meaning Bifurcation at m™. Thus the
transition is given fully as:

Bmt i mT — mTMTmt.

This mathematical expression is easy to translate into English. Reading the
symbols, from left to right, the expression says:

Bifurcation at m™ takes m™ and replaces it by the triple mT™MTm™.

It will also be worth having a simple phrase to summarize the effect of the
transition, as follows: Notice that the main effect in Fig 16 is that the initial

M+
i N -

| |

(a) (b)

Fig. 16. Bifurcation at m™.
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squashing process is pushed to either side by the breaking-through of an upward
protrusion. Thus the transition can be summarized by the following phrase:

Breaking-through of a protrusion.

16 Bifurcation at M~

Now we establish the final bifurcation. We examine what happens when the
process at a M~ extremum branches forward in time. As an example, consider
the M~ in the center of the bay, the left shape, in Fig 17. In accord with Table
1 (p87), the process at this extremum is an internal resistance.

The effect of bifurcation is that M~ splits into two copies of itself — the two
copies shown at the two sides of the deepened bay in the right shape. One should
imagine the two copies as sliding over the surface till they reached their current
positions.

The other crucial event is the introduction of a new extremum m™ in the
bottom of the right shape. This is in accord with the bifurcation format described
in section 14. Notice that the downward process here conforms to Table 1 on
p87, which says that a m™ extremum always corresponds to a resistance.

Thus the transition from the left shape to the right shape is the replacement
of the M~ extremum in the middle of the left shape by the triple M~ m~ M~
in the right shape. The transition is therefore:

M~ — M " m M.

This transition will be labelled BM ~ meaning Bifurcation at M~. Thus the
transition is given fully as:

BM~™ : M~ — M m M.

This mathematical expression is easy to translate into English. Reading the
symbols, from left to right, the expression says:

Bifurcation at M~ takes M~ and replaces it by the triple M—m~ M~ .

/ ~

/

N Y S

Fig. 17. Bifurcation at M ™.
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It is also worth having a simple phrase to summarize the effect of the transition,
as follows: Notice that the main effect in Fig 17 is that the initial resistance
process is pushed to either side by the breaking-through of an downward inden-
tation. Thus the transition can be summarized by the following phrase:

Breaking-through of an indentation.

17 The Process-Grammar

Having completed the bifurcations, let us now put together the entire system
that has been developed in sections 8 to 17. Our concern has been to describe
the shape evolution by what happens at the most significant points on the shape:
the curvature extrema. We have seen that the evolution of any smooth shape
can be decomposed into into siz types of phase-transition defined at the extrema
involved. These phase-transitions are given as follows:

Process Grammar
Cm*™: m* — 0m™0 (squashing continues till it indents)
CM~: M~ — 0M%0 (resistance continues till it protrudes)
BM*: Mt — M*TmtM" (sheild-formation)
Bm~: m~ — m~ M m~ (bay-formation)
Bm*™: mt — mTMTm?" (breaking-through of a protrusion)
BM~: M~ — M~ m~ M~ (breaking-through of an indentation)

Note that the first two transitions are the two continuations, as indicated by
the letter C' at the beginning of the first two lines; and the last four transitions are
the bifurcations, as indicated by the letter B at the beginning of the remaining
lines.

18 Scientific Applications of the Process-Grammar

As soon as I published the Process-Grammar in 1988, scientists began to apply
it in several disciplines; e.g., radiology, meteorology, computer vision, chemical
engineering, geology, computer-aided design, anatomy, botany, forensic science,
software engineering, urban planning, linguistics, mechanical engineering, com-
puter graphics, art, semiotics, archaeology, anthropology, etc.

It is worth considering a number of applications here, to illustrate various
concepts of the theory. In meteorology, Milios [9] used the Process-Grammar to
analyze and monitor high-altitude satellite imagery in order to detect weather
patterns. This allowed the identification of the forces involved; i.e., the forces
go along the arrows. It then becomes possible to make substantial predictions
concerning the future evolution of storms. This work was done in relation to the
Canadian Weather Service.

It is worth also considering applications by Shemlon [11], in biology. Shem-
lon developed a continuous model of the grammar using an elastic string equa-
tion. For example, Fig 18 shows the backward time-evolution, provided by the
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equation. It follows the laws of the Process-Grammar. Notice how the shape
goes back to a circle, as predicted in section 6. Fig 19 shows the corresponding
tracks of the curvature extrema in that evolution. In this figure, one can see that
the rules of the Process-Grammar mark the evolution stages. Shemlon applied
this technique to analyze neuronal growth models, dental radiographs, electron
micrographs and magnetic resonance imagery.

JNANAWAD
0 OO0
O 0 0o

O

Fig. 18. Continuous realization of the Process-Grammar for biological applications, by
Shemlon [11], using an elastic string equation.
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Fig. 19. Shemlon’s use of the Process-Grammar to label the transitions in the above
biological example.
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Fig. 20. Application of the Process-Grammar to computer-aided design by Pernot et
al [10].

Let us now turn to an application by Pernot et al. [10] to the manipulation of
free-form features in computer-aided design. Pernot’s method begins by defining
a limiting line for a feature as well as a target line. For example, the first surface
in Fig 20 has a feature, a bump, with a limiting line given by its oval boundary
on the surface, and its target line given by the ridge line along the top of the
bump. The Process-Grammar is then used to manipulate the limiting line of
the feature. Thus, applying the first operation of the grammar to the left-hand
squashing process m™ in the surface, this squashing continues till it indents in
the second surface shown in Fig 20. With this method, the designer is given
considerable control over the surface to produce a large variety of free-form
features.

A profound point can be made by turning to the medical applications for
illustration. Let us consider the nature of medicine. A basic goal of medicine is
diagnosis. In this, the doctor is presented with the current state of, let’s say, a
tumor, and tries to recover the causal history which lead to the current state.
Using the terminology of my books, the doctor is trying to convert the tumor
into a memory store. Generally, I argue:

Medicine is the conversion of biological objects
into memory stores.

Thus one can understand why the Process-Grammar has been used extensively
in medical applications.

It is also instructive to look at the application of the Process-Grammar to
chemical engineering by Lee [2]. Here the grammar was used to model molecular
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Fig. 21. Application of the Process-Grammar in molecular dynamics, by Lee [2].

dynamics — in particular, the dynamical interactions within mixtures of solvent
and solute particles. Fig 21 represents the data shape, in wvelocity space, of a
single solute molecule as it interacts with other molecules.

The initial data shape is given by a sphere (in velocity space). This is de-
formed by the successively incoming data in such a way that, at any time, one
can use my curvature inference rules on the current shape, in order to infer the
history of the data. In other words, one does not have to keep the preceding data
— one can use the rules to infer it. Incidently, the lines in Fig 21 correspond to
the axes associated with curvature extrema as predicted by the rules.

Lee stated that the advantage of basing the system on my rules was that
inference can be made as to how the shape-altering “data-forces” have acted
upon the data shape over the time course, thus giving insight into the nature
of the computational force itself. In this, Lee shows a particularly deep under-
standing of my work. As I have said in my books, because the inference rules
give a method of converting objects into memory stores, they give a method of
extending the computational system to include those objects as memory stores.

19 Artistic Applications of the Process-Grammar

In section 18, we saw that the Process-Grammar has been applied by scientists
in many disciplines. However, the grammar has also received applications in the
arts. Here I will briefly discuss its application to the analysis of paintings: One
of the chapters of my book Symmetry, Causality, Mind gives lengthy analyses
of paintings showing the power of the grammar to reveal their compositional
structures. In fact, one of the main arguments in my books is this:
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Paintings are structured by the rules of memory storage.
That is, the rules of artistic composition
are the rules of memory storage.

In Fig 22, the rules for the extraction of history from curvature extrema, are
applied to Picasso’s Still Life. The reader can see that this gives considerable
insight into the composition of the painting. For an extensive analysis of this
painting and several others, the reader should see my books.

Fig. 22. Curvature extrema and their inferred processes in Picasso’s Still Life.

20 Final Comment

This paper has shown only a small part of the extensive rule-system, developed
in my books, for the inference of history from shape. The books elaborate several
hundred rules, of which the Process-Grammar, given here, consists of only six.
The rules are divided into systems which each take different properties of a shape
as different sources of information of actions that determined the shape; i.e., in
the same way that the Process-Grammar takes the curvature extrema as the
information source.

As stated earlier, the rules give new foundations for geometry, which oppose
the conventional foundations based on invariants. Invariants are those properties
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that do not store the effects of actions applied to them. The invariants program
was defined in Euclid’s concept of congruence, and generalized by Klein in the
nineteenth century, to become the basis of modern mathematics and physics.
In contrast, the new foundations elaborated in my books, take the opposite
program, that of making geometry not the study of invariants, the memoryless
properties, but making geometry the study of those properties from which past
applied actions can be inferred, i.e., the memory stores.
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1 Introduction

The ever-increasing power and complexity of available hardware and software
has enabled the development of a wide variety of visualization techniques that
allow the ever more concise presentation of data. Associated with this trend is the
challenge to condense and convey ever-increasing amounts of useful information
into smaller and smaller spaces. Depicting computer-generated visualizations
in three dimensions (3D), similar to how we perceive the real world, is one
approach to condense these visual presentations of information. However, there
is an inherent dilemma in this approach; the visual medium on which the vast
majority of 3D imagery is displayed is inherently two dimensional (2D): a flat
computer monitor. Although there are some immersive or ‘true 3D devices’ on
the market, such as the fishbow rotating display, the LCD layered 3D monitor,
and 3D displays marketed by companies such as SeeReal Technologies, most of
these devices are either too small or too expensive for the average user.

Humans visually discover and interact with their environment by: (1) perceiv-
ing visual information; (2) recognizing the “external source” of the information;
and (3) interpreting its meaning and significance. The process of human percep-
tion and the interpretation of visual information is extremely complex, involving
many levels of anatomical, neurochemical and psychophysical processing in vi-
sion and cognition. The human eye does not operate like a camera, but rather
serves as an ‘optical interface’ between the external environment and the internal
neural components of human vision and cognition which convey the basic visual
attributes of form, field, color, motion, and depth. It is the design of computer
visualizations to promote the accurate understanding of the relative depths (e.g.
in the ‘z’ dimension) of objects that is particularly challenging.

The visual cues that enable us to perceive depth have been extensively doc-
umented. However, the use of these cues, and the combination of these cues, to
effectively convey depth information in computer-generated imagery is still an
ongoing topic of contemporary research. Depth cues are often placed into two
categories: (1) primary depth cues, with a physiological basis, that include binoc-
ular disparity (which enables stereopsis), convergence and accommodation; and
(2) secondary (or pictorial) cues, including texture and texture gradients, shad-
ing and shadow, relative motion, occlusion, reference frames, linear and aerial
perspective, height in plane (or elevation), apparent size, and others (please see
[1] and [2] for a complete discussion of primary and secondary depth cues).

Y. Cai (Ed.): Ambient Intelligence for Scientific Discovery, LNAI 3345, pp. 104-128, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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Examining basic perceptual techniques that promote the design of realistic
3D computer-generated imagery is directly relevant to the topic of ambient intel-
ligence for scientific discovery. This visualization topic addresses questions and
issues such as: (1) How do we significantly reduce information while maintaining
meaning? (2) How do we enhance the perception of patterns from massive and
growing data resources? and (3) How do we design common information spaces
for collaboration enabled by 2D and 3D interfaces?

In this chapter, we survey recent human computer interaction (HCI) and
perceptual research that examines the relative efficacies of different depth cues
in promoting an understanding of the spatial relationships of objects visually
presented in 2D and 3D visual environments. Some of the spatial relationships
include the relative sizes, shapes and positions of abstract objects presented
in visualized scenes. The depth cues that we closely examine include motion,
stereopsis, shadowing techniques, and scene background characteristics. We also
review the impact of gender as it affects the perceptual understanding of these
basic spatial relationships of objects presented in 2D and 3D visualizations.
Finally, we conclude the chapter with a summary discussion of conclusions and
recommendations for future visualization research in this area.

2 Problem and Issues

System-level interaction design for scientific discovery has gained recent attention
as a result of potential payoffs in applications ranging from biomedical discov-
ery, earth science, nano-materials and telecommunications. With the availability
of growing volumes of visual data, there is the opportunity to develop novel
ambient interfaces and interaction methods that maximize the user’s discovery
and understanding of the visual information. One challenge in this regard is to
leverage what is known about human perception so as to design these interfaces
in a way that the typical viewer can intuitively extract the greatest amount of
accurate, relevant information.

For example, the National Aeronautics and Space Administration (NASA)
has routinely stored terabytes of visual information about the Earth’s surface,
atmospheric and oceanic conditions that has been downloaded from satellites
orbiting our planet. But the challenge is: How can we best present this visual in-
formation to the general public in such a way that it can be used most effectively
for educational and other purposes? As another example, immersive technologies
often utilize the characteristics of objects that ‘pop up’ in the users’ field of view
to represent information about that virtual world. In these cases, an important
issue is: How do we visually present these objects such that most users can read-
ily perceive and understand the information presented? To address and inform
these issues, basic research regarding the human perception of visual information
and objects presented in artificial 2D and 3D worlds is warranted.

2.1 Background

To create computer visualizations that effectively promote the perception, dis-
covery and understanding of spatial arrangements of displayed objects (that can
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represent data or other information), it is useful to draw from established theory
that explains how we naturally and effectively perceive objects in the real world.
How does our perceptual and cognitive systems ascertain the relative depths
and understand the spatial relationships of objects that are viewed in our natu-
ral environment? This issue becomes more complicated when there are multiple
sources of information that may incrementally support (or conflict with) our
cognitive assessments of the relative sizes, positions, and orientations of objects
viewed in space.

Cue Theory. [1-5] maintains that the human visual system infers the distance of
environmental objects based on information relating to the posture of the eyes
and to visual patterns projected onto our retinas. The operative visual depth
cues that serve these purposes are many and varied, and are often placed into
the two categories of primary and secondary cues discussed in the Introduction to
this chapter. The general tenets of cue theory, that these primary and secondary
cues impact our perception and understanding of the relative spatial attributes
of objects viewed in space, are widely accepted. However, the particular pro-
cesses used by the visual system in selecting and/or combining multiple depth
cues to arrive at a singular, stable perception of the depth of objects in space
are widely debated. What happens when there are multiple cues that comple-
ment (or conflict with) each other in providing information about the depth of
objects seen within our visual fields? In these circumstances, there are at least
two countervailing views [3-5], that the perceptual system: (1) selects certain
cues that dominate over other cues; or (2) integrates the multiple available cues,
fostering a perception of depth that is incrementally affected by each individ-
ual cue. Additionally, there are variants of both the selection and integration
approaches.

Two variants of the selection approach include vetoing and fusion models.
In [3], they suggested a vetoing mechanism that is operative when conflicting
information is provided by multiple cues. In these situations, the more dominant
depth cue simply overrides the effect of the weaker cue(s) and the perception
of depth is provided by the stronger cue alone. Furthermore, [3] and [4] discuss
weak and strong fusion mechanisms that combine characteristics of both the se-
lection and integration approaches. In the weak fusion model, depth information
is cognitively processed separately from each cue, and subsequently combined in
a weighted linear manner to produce an overall depth effect. In strong fusion,
there is a non-linear interaction among multiple depth cues. As an example, one
cue may work to disambiguate information, allowing depth information to be
extracted from another cue.

Two variants of the integration approach include additive and multiplica-
tive models. In [5], they provide an comprehensive summary of the additive and
multiplicative depth cue integration approaches. However, the crux of the ad-
ditive model is that depth information provided by multiple individual cues is
aggregated such that additional cues always provide more information about
depth. In contrast, the multiplicative model maintains that there is a synergy
among multiple depth cues which creates either a “greater than” or a “lesser
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than” overall effect. Thus, instead of multiple cues incrementally adding more
information about depth, the multiple cues interact, and may, in the aggregate,
provide more, or less, perceptual information about the depth of objects seen
within our visual fields.

2.2 Key Depth Cue Concepts

Motion. The typical human perceptual experience occurs within a context of
nested motions. The movement of the eyes, as well as the movement of objects,
provide important perceptual cues about the environmental and spatial proper-
ties of objects perceived in space.

Motion, or motion parallax, has previously been demonstrated to be a pow-
erful depth cue [6-11]. However, there is conflicting evidence whether user-
controlled object motion provides more depth information than uncontrolled
motion. In [12], they reported no differences in performance due to controlled
and uncontrolled motion, whereas [8] reported improved performances with user-
controlled motion. Furthermore, there is evidence that it does not matter
whether the object or the observer is moving [13]. Research has indicated that
the motion cue can be introduced simply through the observer’s own head move-
ment [14,15]. For example, [16] and [17] reported that introducing the motion
cue through the use of head-tracking displays had performance effects as pow-
erful as stereo viewing.

Stereopsis. Stereopsis, or the perception of stereoscopic images, is enabled
by the physiological condition of binocular disparity. Because human eyes are
positioned approximately six centimeters apart, an environmental object that
is viewed with both eyes within a distance of about thirty meters projects two
separate and displaced images onto the retinas of the left and right eyes. The
brain fuses these two images, and in the process, the viewer is provided with
significant depth cues regarding the relative size, shape, orientation and distance
of the viewed object. However, we nevertheless perceive depth, and can make
reasonable estimates about the relative sizes and locations of even the most
distant objects viewed in our environment. Thus, stereoscopic viewing is not the
only effective visual mechanism for perceiving depth.

Human performance in a variety of task domains using stereoscopic user
interfaces has been previously investigated. Relevant domains and tasks have
included the viewing, manipulation, and/or recognition of object images [7,8,
12,18-22]; relative depth perception [23]; medicine [9]; and cockpit situational
awareness [24-26]. Stereo viewing has been demonstrated to be a powerful vi-
sual cue for understanding depth information [27,28], and is sometimes used
as a baseline condition for assessing the relative efficacies of other 2D and 3D
visualization techniques [8,16, 19, 20].

Studies have demonstrated task performance advantages from stereo viewing,
particularly in perceiving, recognizing, grasping, moving, positioning and resiz-
ing objects viewed in depth, as well as in recognizing and understanding object
shapes [8,9,12,18-22, 29]. Nevertheless, it is not universally accepted that stereo-
scopic viewing is a predominant depth cue [7]. Some researchers have suggested
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that the benefits of stereo viewing are task-specific [21,30]. However, there is
largely a consensus that stereo viewing is a powerful, and perhaps dominant,
depth cue for engaging in a variety of tasks involving the spatial manipulation
of objects perceived in depth.

Shadows. The application of lighting techniques to promote realism and to
improve the perception and understanding of computer visualizations has many
approaches, including luminance, ambient and diffuse lighting, specular high-
lights, object surface shading, and attached and cast shadows, to name just a
few. Because contemporary hardware has just recently become powerful enough
to easily compute and render realtime, moving objects casting shadows cre-
ated by different (unseen) light sources on various background surfaces, this
issue has not been fully explored in contemporary human factors visualiza-
tion research. (For a thorough online summary of research in this area, see
http://artis.imag.fr/Recherche /Real TimeShadows/index.html).

In [31], he distinguished between two types of object shadows: the primary
or attached shadow created when the shadow of an object is visible on that same
object (sometimes called ‘self-shadowing’); and the derived or cast shadow, cre-
ated when the shadow of one object is visible on a different object or background
surface. Attached shadows are created by the surface anomalies of an object that
self-shade other surface areas of that same object relative to some light source.
In contrast, cast shadows are created by a light-occluding object positioned be-
tween the light source and another detached, but otherwise illuminated, object
surface. Yonas [31] was one of the first to demonstrate that both attached and
cast shadows can affect the perceived relative size, shape, elevation, and depth of
a object viewed within a scene. However, because shadows cast by moving objects
‘cascade’ over objects and surfaces that are displaced at various distances and
orientations from the light-occluding object, cast shadows are potentially more
useful than attached shadows for extracting depth information about objects
viewed in the scene.

Scene Background Complexity. It has been demonstrated that complex
scene backgrounds impede spatial task performances, especially in the presence
of objects casting shadows [19]. However, in that experiment, background scene
complexity was manipulated by varying the entire configuration of the back-
ground (i.e. flat floor with no walls, ‘stair-step’ floor with no walls, or room with
walls). In a subsequent experiment [20], they manipulated the (simple or com-
plex) characteristics of room walls (as textured and/or ‘zig-zag’) that contained
the visual worlds. They again reported that more complex background scenery
can impair understanding the spatial characteristics and relationships of objects
depicted in 2D and 3D space. Studies [32, 33] have discussed forces that can help
or hinder task performances that require the integration of depth cues that are
in close proximity. Specifically, they state that increased perceptual information
access cost (IAC) can disrupt performance. They state [33]: “when noise or vi-
sual clutter is close to relevant indicators, it will disrupt the movement of visual
attention to the indicator, often imposing greater uncertainty as to where the
target is located.”
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Gender. Researchers have long acknowledged the relevance of gender as im-
pacting human computer interaction. Gender has been regarded as an important
factor affecting: computer skills and computer design issues [34]; the design of
user interfaces [35]; and the achievement of the ‘universal usability’ of internet-
based and other computer services [36]. It has been demonstrated that men and
women report different perceptions and preferences with respect to the use and
satisfaction of electronic commerce web site features [38].

Furthermore, gender differences in both innate (e.g. cognitive test scores)
and applied (e.g. external task-oriented) cognitive abilities have been actively
studied for decades. Although cognitive task performances of men and women
have been shown to overlap considerably [38], and although some studies report
that women outperform men in many aspects of verbal ability [39,40], many
studies report that men outperform women in certain spatial tasks [40-44].

Differences between the genders performing spatial tasks are generally at-
tributed to innate gender differences in cognitive spatial abilities. Prominent
meta-analytic studies [45,46] have indicated higher male scores on certain cogni-
tive spatial tests, but individual studies report inconsistent results in this regard.
Assessing differences between the genders in spatial abilities is also complicated
by the fact that the different studies often use different test instruments to
measure so-called ‘spatial ability.” To clarify this issue, Linn and Petersen [45]
categorized the cognitive test instruments used in the literature into three dis-
tinct groups, including those that measure: (1) spatial perception; (2) mental
rotation; and (3) spatial visualization. ‘Spatial perception’ is described as “the
ability to determine spatial relations despite distracting information.” ‘Mental
rotation’ is the ability to quickly and accurately imagine the rotation of two- and
three-dimensional figures. ‘Spatial visualization’ refers to “the ability to manip-
ulate complex spatial information when several stages are needed to produce the
correct solution.” Using these categories, meta-analyses [45, 46] have concluded
that men score higher than women on spatial perception and mental rotation
tests, but that there are no aggregate gender differences on spatial visualization
cognitive test scores.

One theory that offers an evolutionary perspective on contemporary gender
differences in innate spatial abilities is the hunter-gatherer theory of the ori-
gin of gender-specific spatial attributes [47]. This theory suggests that ancient
differentiated sex roles from prehistoric times are responsible for modern-day
men and women having different cognitive skill predispositions. According to
this theory, prehistoric women, or ‘gatherers,” who were effective at foraging
for food, and who were successful at keeping track of relationships, activities,
objects, locations, and landmarks near their habitats, were also successful at ac-
quiring resources for bearing and raising offspring. Moreover, prehistoric males,
or ‘hunters,” who were better at traveling through unfamiliar territory, estimat-
ing distance, and generally at navigating with a ‘bird’s eye view’ orientation
were, as a consequence, more successful at hunting, competing with other males,
finding mates, and, consequently, at fathering children.
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Through evolutionary selection, the ‘hunter-gatherer’ theory maintains that
these male-female predispositions in cognitive abilities persist today. In support
of this theory, there is evidence that contemporary females exhibit superior per-
formance to males on spatial tasks mimicking foraging-related activities, such as
remembering the location of landmarks in their environment [48]. In addition, it
has been shown that women are better than men at keeping track of objects, and
at finding objects that are lost [47,49]. Moreover, studies report that women re-
member the locations of previously viewed items better than men [50], and that
women are better than men at remembering the locations of specific objects
[561]. In contrast, men generally outperform women at spatial tasks involving the
manipulation of objects in space [45,52-57]. Furthermore, studies have shown
that men are better than women at ‘mental rotation’ spatial abilities [48, 58],
reportedly as an evolutionary artifact of the ability to track an animal through
unfamiliar terrain and then expeditiously navigate their way home.

3 Approach

We report three experiments in which subjects perform visual, spatial tasks
using 2D and 3D ‘virtual worlds.” The first experiment is an object matching
experiment and the second and third experiments require subjects to reposition
and to resize objects viewed in space against some predefined standard. The three
experiments were designed to manipulate similar conditions under different task
circumstances such that comprehensive conclusions could be drawn regarding
the efficacy of particular depth cues in promoting spatial task performances.

3.1 Experiment #1: Object Matching

Method. The object matching experiment [8] utilized a variant of the mental
rotation paradigm [59]. Subjects were presented with pairs of object images at
different angles and orientations and the task was to determine whether the two
objects were identical or different. Figures 1 through 4 show examples of the
four types of solid and wire frame, cubical and spherical object images. Figure 1
also depicts the experimental user interface with “start,” “same” and “different”
buttons embedded. One half of the presented image pairs were identical and the
other half were different. The left object of each pair was always stationary
and the right object was always in motion. In one half of the trials, subjects
controlled the motion of the right object by rotating it around the center point
in any direction. In the remaining trials, the right object rotated automatically
in a fixed direction and speed.

Design. The experiment used a within-subjects design, manipulating the in-
dependent variables: viewing mode (stereo, mono); type of motion (controlled,
uncontrolled); object surface characteristic (wire frame, solid); and object shape
characteristic (cube, sphere). Stereo viewing was achieved using CrystalEyes
stereoscopic glasses. The measured dependent variables included error rate, the
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Fig. 1. Subjects were presented with pairs of object images. The above is a solid cube-
based image pair with “start,” “same” and “different” user interface buttons embedded.
One half of the presented image pairs were identical and the other half were different.
The left image was always stationary and the right image was always capable of motion.

Fig.2. This is an example of wire-frame cube-based object image pair viewed by
subjects. There is no opaque surface on the wire-frame images, permitting subjects
to “see through” the objects.

percentage of incorrect responses, and response time, measured in milliseconds.
The test software, developed in the C++ programming language and SGI’s Open
Inventor graphics toolkit, automatically recorded repeated measures of the de-
pendent variables. Fourteen female and sixteen male professional employees of
the Goddard Space Flight Center (GSFC) volunteered as subjects. Although this
subject population may not be a representative sample of the general popula-
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Fig. 3. This is an example of a solid sphere-based object image pair viewed by subjects.
The sphere-based object image shapes were in contrast to the cube-based object image
shapes.

Fig. 4. This is an example of a wire frame sphere-based object image pair viewed by
subjects. As in Fig. 2, wire-frame object surfaces enabled subjects to “see through”
each object.

tion, they comprised a‘visualization-savvy’ subject pool, and, as such, represent
the ‘strong case’ for generalizing the results. Each subject engaged in four sets
of fifty two trials each, for a total of 208 observations per subject. Each subject
was presented with the same 208 image pairs, and each image pair was unique,
although the presentation order varied.

Results. The data were fitted to a repeated measures multivariate analysis
of variance model (MANOVA). The MANOVA model tested each of the four
main effects (viewing mode, type of motion, surface characteristic and object
shape) on the error rate and response time dependent variable measures. There
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were significant differences (at the 95% confidence level) in the mean values of
the error rate and response time measures as a function of three main effects:
viewing mode; type of motion; and surface characteristic. The main effect of the
(cube or sphere) object shape was not significant with respect to error rate nor
response time.

The mean error rate across all experimental trials was 11.04%. The mean
overall response time per image pair was 13.01 seconds. Subjects viewing image
pairs in stereo made fewer errors, and responded more quickly, than did sub-
jects viewing the image pairs in mono. Moreover, subjects controlling the object
motion of the right-hand object image were more accurate, although they took
longer to make their object comparison decisions, than did the subjects who did
not control this motion. Furthermore, subjects viewing wire frame images took
longer to complete trials than did subjects viewing solid objects, although they
were no more nor less accurate in their object matching judgments. Complete
quantitative results will be provided by requesting same from the lead author of
this chapter.

3.2 Experiment #2:
Object Positioning and Resizing in Virtual Worlds

Method. The second experiment involved object positioning and resizing tasks
in 2D and 3D ‘virtual worlds’ [19]. In the positioning task, subjects were pre-
sented with object images arranged to outline the vertices of larger, symmetrical
figures, either cubes or octahedrons. The task was to reposition the misplaced
vertex object in the x, y and z dimensions, as quickly and accurately as possible,
so as to complete the symmetrical arrangement (see Figs. 5 and 6). In the resiz-
ing task, the vertex objects were correctly positioned, but one of the objects was
either larger or smaller than the remaining objects (see Fig.. 7). The task was to
resize this object, as quickly and accurately as possible, to make it correspond
with the uniform size of the other objects. In both the positioning and resizing
tasks, subjects used a spaceball input device to manipulate (i.e. move or resize)
the target objects. A ‘spaceball’ is a six-degrees-of-freedom input device that has
a large round, graspable ball mounted on a flat base. In the positioning task,
the spaceball was programmed such that ‘pushing’ or ‘pulling’ the ball forward,
backward, up or down, or in any direction caused the selected object on the
screen to move in that corresponding direction. In the resizing task, the space-
ball was programmed such that ‘pushing’ forward, or ‘pulling’ backward, caused
the selected object to increase, or decrease in size, respectively.

Design. The positioning and resizing virtual world experiment also used a
within-subjects, repeated measures design, manipulating the independent vari-
ables: shadows (on, off); number of shadow-casting light sources (one, two);
viewing mode (stereo, mono); and scene background (flat plane, room, ‘stair-
step’ plane). The number of shadow casting light sources was a condition nested
within the shadows on condition. The dependent variables included error magni-
tude and response time. Error magnitude for the positioning task was defined as
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Fig. 5. This is an example of an initial virtual world positioning task trial in a “room
with walls” scene background with each object casting one shadow. The task was to
reposition the misplaced sphere so as to outline a larger, isometric cube figure. The
spheres in this example outline the vertices, or corners, of the larger, isometric cube
figure.

Fig. 6. This is an example of an initial virtual world positioning task trial over a
“stair-step” scene background with each object casting one shadow. The task was to
reposition the misplaced cube so as to outline a larger, isometric cube figure. Once
correctly placed, the cubes in this example outline the vertices, or corners, of a larger,
isometric cube figure.
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Fig. 7. This is an example of an initial virtual world resizing task trial over a “stair-
step” scene background with objects casting no shadows. The task was to resize the
larger sphere so as to match the size of the remaining spheres, some of which were
displaced in depth. The spheres in this example outline the vertices of an octahedron.

the Euclidean summation of the three directional errors in the x, y, and z dimen-
sions (i.e. error magnitude = (e2 + 6324 + €2)!/2). This metric constitutes the
exact distance of the repositioned object from its correct position in three dimen-
sional space. Error magnitude for the resizing task was defined as the absolute
value of the error in length of either the radius (in task trials using spheres as
vertex objects) or the diagonal (in task trials using cubes or tetrahedrons as ver-
tex objects) of the resized object. Trial completion time was the period of time,
measured in milliseconds, from when the scene first appeared until the subject
pushed a button on the spaceball, causing the next scene to appear. Written in
the C programming language and OpenGL, repeated measures of the dependent
variables were automatically recorded by the task trial software. There were a
total of 288 trials per subject, 144 trials for each task. All subjects viewed the
same 288 scenes, although the presentation order varied. The volunteer subject
population consisted of 14 male and 16 female professional employees of GSFC.

One half of all trials randomly presented shadows on, and the remaining
trials presented shadows off. In the shadows on condition, one half of the trials
randomly used one light source to produce the shadows, and the remaining
trials used two light sources. One half of all trials were viewed in stereo, and the
remaining trials were viewed in mono. One third of the background conditions
randomly used a flat plane for the scene background; one third used the room;
and the remaining third used the ‘stair-step’ plane.

In all positioning and resizing task trials, the location of the misplaced or
incorrectly sized vertex was randomly located with respect to the other vertices.
In addition, light sources were consistently positioned ‘from above’ and at various
angles from the zenith. Moreover, in trials with two light sources, their angle of
separation varied from trial to trial. Thus, the relative locations and separation
of the light sources changed from trial to trial.
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Results. The data was again analyzed by fitting a repeated measures MANOVA
model to the experimental observations. The MANOVA model tested each of
the four main effects (shadows on/off, viewing mode, number of shadow-casting
lights, and background) on the error magnitude and response time dependent
variables. The data from the positioning and resizing tasks were segregated and
analyzed separately. In both the positioning and resizing tasks performance data,
there were significant differences (at the 95% confidence level) in the mean values
of the dependent variables (error magnitude and response time) as a function of
all four main effects: use of shadows; viewing mode; number of shadowing lights;
and scene background. Complete quantitative results for both the positioning
and resizing tasks will be provided by requesting same from the lead author.

In the positioning task with shadows on, subjects were more accurate, al-
though they took longer to position the misplaced vertex object than when
there was no shadow present. Moreover, subjects viewing the vertex objects in
stereo were more accurate and faster performing the positioning task than they
were when viewing the virtual worlds in mono. Also, subjects viewing the vertex
objects shadowed by two lights sources were less accurate and took more time
than they were when viewing the vertex objects shadowed by one light source.
Subjects viewing the vertex objects in a room, or over a flat plane background
were more accurate than were subjects viewing the vertex objects over the stair-
step background. The error magnitude difference between the room and plane
background conditions was not significant. Furthermore, subjects viewing the
objects over a stair-step background took more time performing the positioning
task than did subjects viewing the objects in a room or over a flat plane back-
ground. The difference in the response times between the room and flat plane
scene background conditions was not significant.

In the resizing task with shadows on, there was no difference in resizing
accuracy, but subjects took longer resizing the vertex objects using shadows
than they did without the shadows. Furthermore, subjects viewing the scenes in
stereo were more accurate and faster than they were viewing the scenes in mono.
There was no difference in accuracy with shadows created by two lights compared
to one light source, although subjects viewing the objects shadowed by two light
sources took more time performing the resizing task than they did when viewing
the objects shadowed by one light source. Finally, the scene background also
significantly impacted subjects’ resizing task performances, but only with respect
to resizing accuracy, not response time. Subjects viewing the vertex objects in a
room were more accurate than they were when viewing the objects over either
a flat plane or stair-step background condition. The differences in the response
times among the three scene background conditions were not significant.

3.3 Experiment #3:
Object Positioning and Resizing in Virtual Rooms

Method. The third experiment involved object positioning and resizing tasks
in 2D and 3D ‘virtual rooms’ [20]. These virtual rooms were bounded by four
surfaces: a floor, and left, right and rear walls. The objects to be manipulated
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Fig. 8. This is an example of an initial positioning task trial with no shadow in a
room with a flat background surface of solid texture. The task was to reposition the
misplaced sphere so as to create a straight line vector segment with one sphere located
exactly at the midpoint of the straight line segment.

snapshot

Fig. 9. This is an example of an initial resizing task trial with one shadow in a room
with a flat background surface of solid texture. The task was to resize the smaller
sphere so as to match the size of the other larger sphere displaced in depth.

were resident within this ‘virtual room.’ It was similar to the second experiment,
but differed in several respects: (1) it utilized different positioning and resizing
tasks; (2) subjects could rotate (i.e. move) their view of each virtual room 45
degrees in either the left or right directions; (3) the target and referent objects
were always displaced at different distances, or depths (i.e. the z dimension)

)
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Fig. 10. This is an example of an initial resizing task trial with one shadow in a room
with a ‘zig-zag’ background surface of checkerboard texture. The task was to resize the
smaller sphere so as to match the size of the other slightly larger sphere displaced in
depth.

from the viewer; (4) the experimental trial software created 2D and 3D ‘virtual
rooms’ instead of ‘virtual worlds;” and (5) the shadow condition always used
exactly one (unseen) light source, fixed and stationary at the azimuth position.
In the positioning task, subjects viewed ’virtual rooms’ containing three equally-
sized, spherical objects suspended in space (see Fig. 8). Subjects were asked to
reposition one of the spheres, the target object, in 3D space (i.e. in the x, y and
z dimensions) as quickly and accurately as possible so as to symmetrically com-
plete a straight line segment (or vector/vector segment) characterized as three
spheres located equidistant from each other. In each positioning trial solution,
the correctly placed spheres always subtended an oblique angle from the viewer’s
perspective, so that each of the three spheres were displaced at different depths
from the viewer.

In the resizing task, subjects viewed ‘virtual rooms’ containing two differently-
sized spheres suspended in 3D space (see Figs. 9 and 10). Unlike the positioning
task, in the resizing task, the objects were fixed in position. Subjects were asked
to adjust the size of the target object, as quickly and accurately as possible, to
make it correspond with the perceived size of the referent object. The target and
referent spheres were always positioned at different depths from the viewer, and
were always presented in different, and random, sizes and locations, relative to
each other. In one half of the trials, the target sphere was initially larger than the
referent, and in the other half of the trials, initially smaller. Consequently, from
trial to trial, subjects were randomly increasing, or decreasing, the size of the
target sphere. In both the positioning and resizing tasks, subjects manipulated
the target objects using a spaceball input device.
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Design. The positioning and resizing virtual room experiment again used a
within-subjects design, manipulating the independent variables: viewing mode
(stereo, mono); number of shadows cast by objects (none, one); background scene
surface shape (flat, zig-zag); and background scene surface texture (solid, checker-
board). The dependent variable performance measures included: accuracy, mea-
sured as error magnitude; completion time, measured as response time; and scene
rotational distance, measured as the total number of degrees that a subject ro-
tated the scene in either a left or right direction. Distance error magnitude for
the positioning task was again defined as the Euclidean summation of the three
directional errors in the x, y, and z dimensions (i.e. distance error magnitude =
(€2 + ei + ¢2)'/2). Radius error magnitude for the resizing task was defined as
the absolute value of the difference between the radius length of the resized tar-
get sphere compared to the radius length of the correctly-sized referent sphere.
Trial completion time was the period of time, measured in milliseconds, from
when the scene first appeared until the subject pushed a button on the space-
ball, causing the next scene to appear. The positioning and resizing task trials
consisted of 144 unique virtual room scenes presented in random order to the
subjects.

The volunteer subject population consisted of 16 male and 14 female profes-
sional employees of GSFC. For each subject, one half of all trials were viewed in
stereo, with the remaining trials viewed in mono. One half of the trials randomly
presented scenes with no shadow, and the remaining trials had one shadow cast
by each object. In all scenes utilizing cast shadows, the shadow-casting lighting
position was fixed and stationary, directly overhead at the azimuth position. One
half of all trials randomly presented a ‘flat’ background scene surface, charac-
terized as a three-walled ‘room’ with a flat floor and walls (see Figs. 8 or 9).
Similarly, one half of the trials randomly presented a ‘zig-zag’ background scene
surface, characterized as a room with a ‘corrugated’ floor and walls (see Fig.
10). Also, one half of the scenes were presented with a solid background sur-
face texture (see Figs. 8 or 9), whereas the remaining scenes appeared with a
checkerboard texture (see Fig. 10).

Results. The data was again analyzed by fitting a repeated measures MANOVA
model to the performance measures. The MANOVA model tested each of the
four main effects (viewing mode, presence of cast shadows, background scene
surface shape, and background scene surface texture) on the error magnitude,
response time and rotational distance dependent variable performance measures.
In the positioning task performance data, there were significant differences (at
the 95% confidence level) in the mean values of the dependent variables (distance
error magnitude, response time and rotational distance) as a function of all
four main effects. In the resizing task performance data, there were significant
differences (at the 95% confidence level) in the mean values of the dependent
variables (distance error magnitude, response time and rotational distance) as a
function of three of the four main effects. However, objects casting shadows did
not significantly influence subjects’ resizing performance measures. Complete
quantitative results for both the positioning and resizing tasks will be provided
by requesting same from the lead author.
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In the positioning task, subjects viewing the objects in stereo were more ac-
curate, faster, and used less rotational distance than when positioning objects
viewed in mono. With objects casting a shadow, subjects were more accurate,
took more time, and used less rotational distance than when positioning ob-
jects viewed with no cast shadows. While positioning objects against a (more
complex) zig-zag background surface shape, subjects were equally accurate, but
took more time and used less rotational distance than when positioning objects
against a (more simple) flat background surface shape. Finally, while position-
ing objects against a (more complex) checker-board background texture, subjects
were equally accurate, but again took more time and used less rotational dis-
tance than when positioning objects against a (more simple) solid background
texture.

In the resizing task, subjects viewing the objects in stereo were more accu-
rate, faster, and used less rotational distance than when resizing objects viewed
in mono. Objects casting shadows had no significant effect on the resizing perfor-
mance measures. While resizing objects against a (more complex) zig-zag back-
ground surface shape, subjects were less accurate, took more time, and used less
rotational distance than when resizing objects against a (more simple) flat back-
ground surface shape. Finally, while resizing objects against a (more complex)
checkerboard background texture, subjects were equally accurate, but again took
more time and used less rotational distance than when resizing objects against
a (more simple) solid background texture.

4 Results Summary

Instead of summarizing the results across the three experiments together, we
summarize the results for each of the depth cues of interest separately in the
sections that follow. In general, stereo viewing was the most effective cue for
enhancing performance in each task. However, motion was ‘a close second’ in this
regard. Finally, we discuss a limited number of salient implications for the design
of effective 2D and 3D user interfaces and for depth cue theory in Section 5:
Conclusions and Discussion.

4.1 Motion

Motion is a powerful depth cue that rivals stereo viewing in providing information
about the relative distances of viewed objects. Consequently, motion, in general,
can enhance spatial task performances and can provide useful information about
the spatial properties (such as size, orientation, distance) of objects viewed in
space. However, the utility of motion in promoting spatial task performances is
also a function of the task type, and is tied to individual characteristics, as well
(for example, see the discussion of gender that follows).

The incorporation of motion cues in visual activities can take many forms,
from moving or rotating a viewed object, to moving or changing the perspec-
tive of the viewer, to moving or rotating the entire field of view. In general,



Spatial Cues in 3D Visualization 121

motion enables parallax, which is instrumental in stereo viewing. In our three
experiments, we incorporated several types of motion: (1) controlled versus un-
controlled motion (in the object matching experiment); (2) moving the viewed
objects themselves (in the positioning tasks of both the ‘virtual world’ and ‘vir-
tual room’ experiments); and (3) moving, or rotating, the viewed scenes (in both
the positioning and resizing ‘virtual room’ experimental tasks). To summarize
our observations about the effects of motion on these spatial task performances:

1. Controlling the motion of the rotating object in the mental rotation exper-
iment enabled more accurate object recognition and object matching per-
formances. However, subjects took longer judging whether the objects were
the same or different when they controlled this motion. However, we can
conclude that motion improved the quality of their object recognition and
matching judgments.

2. Moving the objects (especially in the presence of a cast shadow) in both
positioning tasks of the ‘virtual world’ and ‘virtual room’ experiments was
instrumental in providing distance (i.e. depth) information about the target
object, especially in relation to the other (stationary) objects in each scene.

3. The ability to left- and right-rotate the ‘virtual room’ scenes was used to
a much greater degree to extract depth information when other available
depth cues were diminished.

Stating this last point differently, ‘virtual room’ scenes, in both the posi-
tioning and resizing tasks, were always rotated more when there was less depth
information available from the other cues present. That is, the scenes were ro-
tated more when viewed: (1) in mono compared to stereo; (2) with no shadow,
compared to one shadow, present; and (3) when the rooms were viewed against
the more simple flat surface shape or solid texture characteristics, compared to
the more complex ‘zig-zag’ surface shape or checkerboard textures. We observe
that the rotational distance depth cue was used to supplement, or directly sub-
stitute, depth information as it became less available from other existing cues.

4.2 Stereo Viewing

Stereo viewing was a dominant and powerful depth cue for promoting task per-
formances in all three experiments. While viewing scenes in stereo, in comparison
to mono viewing, subjects were consistently more accurate and faster: (1) recog-
nizing and matching objects shapes in the first experiment; and (2) positioning
and resizing objects in both the second and third experiments. Furthermore, in
the third experiment, subjects relied less on the rotational distance depth cue in
the presence of stereo viewing. In short, stereo viewing consistently supported
every aspect of the spatial task performance measures in these three controlled
experiments.

We conclude that stereo viewing is a dominant depth cue for spatial task
performances of these kinds. Consequently, it may be more useful to test stereo
viewing conditions as a baseline against which to measure the relative efficacy
of other perceptual cues, rather than testing the effects of stereo viewing per se.
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4.3 Shadows

Objects casting shadows can provide more depth information about the relative
positions of objects viewed in space. When moving and positioning objects that
are casting shadows, the viewer recovers information about the location of the
object through the geometry that is implied by the position of the object’s
shadow on the background surface.

However, the utility of shadows to improve spatial task performances in 2D
and 3D visual scenes is focused and limited. In our experiments, shadows were
most useful for enhancing object positioning (and not resizing) performances
when the scenes were viewed monoscopically, in 2D. The contributions of shad-
ows to the enhancement of object positioning performances when the scenes were
viewed in ‘true 3D’ stereo were negligible. Furthermore, when the object shadows
were cast on increasingly complex background surfaces and textures, positioning
task performances suffered. Also, shadows were useful only when there was one
light source. In scenes (in the ‘virtual world’ experiment) in which there were
two light sources, positioning performances were diminished to the same level at
which no shadows were present. Thus, there are caveats and limitations to the
efficacy of cast shadows in promoting spatial task performances in general.

4.4 Scene Background Complexity

The findings of the ‘virtual world” and ‘virtual room’ experiments both suggest
that the introduction of more complex background scenery in visual 3D scenes
can impair the perception and understanding of the spatial attributes of other
objects contained within the scene. In general, having less complex detail in the
scenery background promotes a better understanding of the relative positions
and sizes of foreground objects. More complex background scenery introduces
“perceptual clutter” that seemingly disrupts the visual attention afforded to
foreground objects.

4.5 Gender

We deliberately balanced each of the three experiments by gender so that we
could analyze the effects of gender on these particular spatial tasks performances.
We expand the results originally presented in [60].

Table 1 summarizes relative task performances by gender. Males were more
accurate and faster than females recognizing and matching object shapes. Con-
sistent with the spatial abilities literature indicating a male advantage on men-
tal rotation tasks, it is not surprising that the male subjects outperformed the
females in accurately and quickly matching objects. Moreover, controlling the
motion of the right hand ‘comparison object’ significantly reduced male object
matching error rates, but had no effect on female error rates. Furthermore, males
were more accurate positioning objects, whereas females were more accurate re-
sizing objects (although there were no significant differences in male-female re-
sponse times for either of the positioning and resizing tasks). Also, males made
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Table 1. Summary of gender-based differences in the experimental performance mea-
sures. We observed definite gender biases for performing particular spatial tasks that
are largely consistent with existing literature. In our experiments, males excelled at
tasks involving mental rotation (i.e. object matching) and object movement (i.e. ob-
ject positioning), whereas females were more accurate resizing objects that were fixed
in location.

Object Task:| Accuracy/Gender: | RT/Gender: Rot. Dist./Gender:
Matching Males more accurate Males faster Not Applicable
Positioning Males more accurate | No M/F difference| Males use more
Resizing Females more accurate| No M/F difference| Males use more

more use of the rotational distance feature in both the positioning and resizing
tasks, evidently finding the ability to rotate the objects more useful than did the
females in attempting to position and resize the objects.

How do these findings suggest approaches to develop ‘gender neutral’ vi-
sual interfaces? One suggestion is to add meaningful landmarks and to diminish
the viewer’s reliance on ‘spatial presence’ and, particularly, on mental rotation
ability. Visual interfaces that enable the stationary viewer to ‘look right’ or
‘look left’ (or up, down, backward, etc.) for familiar landmarks may be an effec-
tive, gender-neutral alternative to the use of typical motion cues, such as ‘flying
around’ virtual spaces, to extract information from a scene. The reliance on mo-
tion cues, in particular, to extract information from the visual features of objects
presented in a scene is especially problematic.

5 Conclusions and Discussion

What do these cumulative findings tell us about the relative efficacy of visual
cues in extracting spatial information from visual objects and features presented
in computer-generated scenery? Which depth cues are most important in this
regard? How can we make use of these findings so as to better enable the per-
ceptual discovery of information embedded and represented in 2D and 3D visual
scenery and user interfaces?

With respect to extracting spatial information, especially regarding the rela-
tive depths and placements of objects, stereoscopic viewing was the most power-
ful and useful depth cue among those examined in these particular tasks. Motion
cues are also useful in this regard, although there is evidence that motion is more
useful for male, as compared to female, viewers. Moreover, it is clear that the
relative efficacy of the individual depth cues tested are tied to the nature of the
task. For example, the cast shadows were very useful for positioning objects, but
not for resizing objects. So it is problematic to state that any one particular cue
will be universally useful in all visual tasks. The nature of the task itself must
also be considered.

Additional implications for the design of 3D user interfaces, particularly with
respect to applications that involve positioning and resizing objects, include: (1)
stereoscopic viewing is a powerful depth cue, superior to monoscopic viewing,
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and, overall, to the use of objects casting shadows, for enhancing positioning
and resizing task performances; (2) shadows cast by objects can improve the
accuracy of spatial task performances, particularly when those tasks entail the
user-controlled motion of those objects; (3) introducing a cast shadow to a scene
viewed in mono enhances positioning accuracy to a level equivalent to that of
viewing the scene in stereo with no shadow present; and (4) increasingly complex
background scenery tends to impede the performance of spatial tasks conducted
against those backgrounds.

Additionally, there are implications for the design of ‘virtual worlds.” One im-
plication is that such virtual worlds should be simple and natural to the viewer.
Users can more easily relate to what they are viewing when there is a minimum
of complexity, particularly with respect to background surface characteristics.
Another implication is that thorough and detailed task analyses should precede
any design activity. User performance is maximized by first analyzing and detail-
ing the immediate task requirements, and by then matching the characteristics
of the available 2D and 3D interface features and cues to these requirements.
A third implication is that navigational issues are a major concern. Certain
bounded 3D environments, such as rooms, can greatly assist navigation. Addi-
tionally, the user-controlled motion of visible objects can be useful, not only to
provide depth information, but also to assist the user in ‘feeling around’ the
environment, and therefore supporting navigational needs. A final implication
is that users’ performances are better supported when objects in the scene are
related by position to: background surfaces; other objects in the scene; and to
the viewer’s point of reference. Reference cues such as cast shadows (or objects
otherwise ‘touching’ background surfaces and other objects), help in this regard.

Finally, how do these findings inform on the issue of whether the perceptual
system selects or integrates depth cues to provide a stable and holistic sense of
the spatial properties of objects presented visually in 2D and 3D scenes? Our
findings do not suggest that one source of depth information simply takes prece-
dence over others, a defining characteristic of the selection approach. Rather,
our cumulative findings support an integrative framework: that different cues
have different effects, depending on the task involved. Moreover, the statistically
significant interactions among some of the viewing (depth cue) conditions sug-
gests a multiplicative (as opposed to an additive) integrative approach to cue
theory. Different cues have interactive ‘greater than’ or ‘lesser than’ effects on
performance, largely related to characteristics of the task and of the individual
viewer.

5.1 Recommendations for Future Research

More research is needed to assess the performance effects of additional 2D (pic-
torial) depth cues while interacting with visual computer applications. It would
also be useful to assess the relative utilities of 2D cues as effective alternatives to
primary, physiological 3D depth cues, such as stereopsis. As computer hardware
and software continue to evolve in power and capabilities, a wider variety of
alternative 2D cues become available for practical use. With the demonstrated
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power of stereo viewing as a dominant cue, there is a need for testing the effi-
cacies of additional pictorial cues against this baseline 3D cue. The use of real
time, moving object shadows to convey depth information is but one example of
a 2D cue that was impractical to use just a few years ago.

Finally, we need more research investigating how depth cues are integrated
in assisting visual, spatial task performances, particularly in tasks extracting
information embedded in novel visualizations. To this end, it would be useful to
work toward a taxonomy of prototypical visual tasks that are performed with
computers, particularly those in which information is extracted from visual in-
terfaces, and to develop conceptual and/or mathematical models explicating how
particular cues, or sets of cues, are integrated so as to improve task performances.
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1 Introduction

This chapter reports on a research program that investigates language and text
from a rhetorical point of view. By rhetorical, we mean an approach that features
the relationship between the speaker and the audience or between the writer and
the reader. Fundamental to a rhetorical approach to language is an interest in
linguistic and textual agency, how speakers and writers manage to use language
strategically to affect audiences; and how audiences and readers, agents in their
own right, manage, or not, to pick up on, register, and respond to a speaker or
writer’s bids. Historical and cultural factors play a central role in how speakers
and writer settle into agent roles vis-a-vis listeners and readers. It is therefore
no surprise that rhetorical approaches to language treat language, culture, and
history as deeply permeable with one another. Rhetorical approaches to language
have, since ancient Greece, been the dominant approach for educating language-
users in the western educational curriculum [1].

At the heart of our research program has been the development of a text vi-
sualization and analysis environment specifically designed to carry out rhetorical
research with language and text. The environment is called DocuScope [2]. The
DocuScope environment permits human knowledge workers, through computer-
aided visual inspection and coding, to harvest and classify strings of English,
primarily 1-5 contiguous word sequences. These are strings that, without con-
scious effort, speakers and writers use and reuse as part of their vast repertoire of
implicit knowledge relating language and the audience experience. We have cho-
sen a knowledge-based, expert-system-like, approach for our language measures
because we were especially interested in the analysis and discovery of textual
genres. Genres lie at the interaction of language and culture to perform situated
work [3]. To capture them requires a sociological and anthropological breakdown
of texts even more than a formal linguistic analysis.

In this chapter, we do not focus on the technical details or interface of the
DocuScope environment. Nor do we focus on the details of the string libraries,
which have been discussed elsewhere [4]. We rather focus on some of the theo-
retical motivation, empirical assumptions, coding heuristics, and research results
the DocuScope environment has yielded and that it is capable of yielding. More
specifically, the first sections discuss some of the motivation for building the
environment. The middle sections describe the methods we used to build the
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string libraries of surface English. They also specify the coding heuristics human
coders had to use to accommodate the indeterminacy of surface English. The
final sections supply an extended case of research conducted within the environ-
ment. This research allowed us to discover important defining language-culture
intersections in a previously unstudied written genre, the technology review.

2 Motivation:
Close Reading and Micro-macro Connections

While we had many motivations for building the DocuScope environment, a
salient one worth recounting here was to address some fundamental gaps in cur-
rent formulations of close reading. Although a frequently referenced skill and
seemingly intuitive to grasp, the notion of close reading is, in fact, a deeply elu-
sive concept. Most of us readily recognize the expression “close reading” as a
positive attribute of any reader able to practice it. Fewer know that this admired
attribute, or reading standard, began in the early 20th century as a technical
term of art, originating with the great British critic I.A. Richards. Richard’s
founding term for the art of the “close reader” was practical criticism, in part
suggesting the hope that critical reading powers could be laid bare operationally,
in the context of teaching literary criticism to students while conveying an un-
derlying skill transcending the classroom and even literature. What was this skill
specifically?

Richards never framed this question so directly. What he did do, in his book
Practical Criticism [5], was painstakingly elaborate a classroom method whereby
students would write interpretations of poems and then publicly compare their
interpretations, seeking to develop standards of literary judgment by noticing
what was common and what variable across readings. Sameness and variation
across texts and readings have since marked central pillars of any definition of
close reading.

Furthermore, both with and after Richards, the idea of close reading acquired
new shadings based on further attempts to investigate the underlying skills that
the term references without defining. Perceiving sameness and difference across
texts is a knowledge developed not just from exposure to single texts but to a
large comparison sample. The close reader wishing to understand microscopic
differences across readings of texts is advantaged when he or she can also bring
to texts a telescopic perspective, one that positions any text within families of
texts previously grasped and mentally indexed. The close reader, in this now
commonplace and widely accepted view, is also the copious reader. To read well
is to be well-read.

In addition to a focus on textual contrast and copiousness, further under-
standings of close reading have relied on juxtaposing a content interest in texts
with an interest in a textual design or textual presentation that is severable from
content. Defining close reading from both content-dependent and -independent
frames of reference seems necessary if we are to explain how close readers can
continue to perceive sameness across texts that differ significantly in content,
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meaning, and function; or how they can continue to perceive difference across
texts that pretty much converge in their content, meaning, and function. Lan-
ham [6] has sought to explain the mutual dependence of content-dependent and
-independent methods of close reading by distinguishing two parallel and com-
plementary actions of close reading — looking through text and looking at it.
Looking though text involves reading for content. Looking at text involves read-
ing for the surface signals that bear on how content is distributed in ways that
affect the reading experience itself.

Lanham’s two methods are best illustrated on real examples. Contrast, for
example, the two complaint letters in Figs. 1 and 2. Assume for convenience
that a complaint involves language holding another responsible for a negative
situation. The letter in Fig. 1 contains lexical items (e.g., broken, not packaged
properly) that are related on the surface to negativity, as well as a surface speech
act phrase (I regret having to make a complaint) which leaves no doubt that the
addressee, as a representative of the company, is being held responsible.

The letter in Fig. 2 also functions as a letter of complaint. However, it dis-
tributes information quite differently from the first letter. While some surface
language also indicates negativity (trouble ahead, decrease in sales), there is less
surface trace of how the addressee is being held responsible for it. The clue that
this letter works as a letter of complaint turns on deeper-rooted cultural knowl-
edge. In American English, the sequence “had the opportunity” can mean a bad
thing (e.g. “had the opportunity to use drugs”). However, in business contexts it
typically means a positive thing. The verb “elected” typically means positive and
authorized deliberation. But when one’s electing something in business results

Customer Service:

Your company gives such excellent service that I regret
having to make a complaint. On February 4, however,
I received my order of grass seed, which arrived with
the carton broken and most of the seed gone. The lo-
cal post office people say the seed was not packaged
properly and was not insured.

Fig. 1. Complaint Letter with Overt Signals of Complaint.

Dear

After reviewing the sales forecast for the next four months, I
can see trouble ahead. Each month our salespeople are fore-
casting a decrease in sales from our budget. When you had the
opportunity to change the budget, you elected to stay with the
one put together by our previous sales manager. The real prob-
lem will be in March. The salespeople have forecast a reduction
from the budget of 190M units, which is less than February,
although March has three more working days

Fig. 2. Complaint Letter with Less Overt Signals.
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in an overall loss of opportunity either for the elector or stake holders, one’s act
is deemed ill-considered and subject to complaint by those stake holders.

Looking through these texts, the reader sees similar letters of complaints.
Looking at these texts, the reader sees the complaints engaging the reader dif-
ferently. The first letter makes the complaint upfront, as part of the explicit
lexical signaling. The second letter makes the complaint more a part of reader
inference, based upon how a process works and the stress caused when the ad-
dressee elects to act in a certain way. Lanham insists that looking through and
looking at are parallel and equally necessary actions of close reading. A reader
only looking through texts misses important surface differences. A reader only
looking at texts misses important underlying similarities that the textual surface
can’t capture. The close reader, according to Lanham’s position, can’t afford to
stay at the surface. However, neither can he or she afford to discard the surface
as a support for deeper interpretation.

Lanham’s observations are astute but they also raise new questions about
what theories of close reading are mainly theories about. Are they mainly theories
about texts at all, or are they mainly about the underlying social assumptions
that govern how we produce and perceive them? The operative term here is
mainly, for most everyone now agrees that close reading requires both knowledge
of the textual surface and knowledge beyond it. Yet most extended discussions
seeking to operationalize close reading tend to give greater weight - at least as
starting points — either to the textual surface or to assumptions of interpretation
that generalize well beyond textual engagements. In literary and cultural theory,
for example, a relevant and well-known rift divides theorists in the cultural
tradition of Fish [7] and those in the deconstructionist tradition of Derrida [8].
Fish and his adherents situate close reading mainly outside of texts and in the
institutional and cultural interests that bring readers to them. Derrida and his
adherents locate close reading primarily in the intensely reflexive textual interest
of deconstruction. Deconstruction makes use of the radical indeterminacy of texts
to rethink how seemingly “settled” and “accepted” meanings within texts (e.g.
the meaning of “citizen” in any constitutional document) are actually the result
of historical and ideological settlements that have worked outside strictly textual
processes.

To give them their due, many formulations of close reading in literary and
cultural studies rightly discredit an incoherent spatial metaphor dividing the
“inside” from the “outside” of text. Still, most formulations take us no further
toward I.A. Richards’ original hope to make close reading a “practical” skill. Not
accidentally, literary and