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Abstract. More than 25 years ago we developed a data visualization system
called Vibe. During this same period we developed a system for collaborative
authoring — CASCADE - that made heavy use of visualization. These were but
a few of many efforts at that time to develop new methods for understanding
data, stimulated by improved hardware - faster CPUs, more memory and high
resolution graphical displays that made it possible to perform advanced visu-
alization on ordinary PCs. In this paper we revisit some of these efforts and then
discuss where visualization is today. We briefly examine big data and scientific
visualization where many of the issues we explored 25 years ago are being
revisited. Our focus however is on general visualization. What we find is that
advanced visualization systems for data presentations have not come into gen-
eral use. We explore some of the reasons this may be the case.
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1 Introduction

Through the 80’s and 90’s, Vibe, CASCADE, and many other systems, introduced
novel and advanced visualization techniques for what we would call general visual-
izations, i.e., where the idea is to present the data in meaningful ways. Our objective
was to extend the traditional range of visualization techniques beyond such techniques
as time series, bar code diagrams, pie charts, etc., i.e., visualization methods that have
been here for hundreds of years.

While our focus is on general visualization techniques we see that scientific
visualization and visualization of ¢ data continue to receive attention [1]. We are in a
highly data-driven environment, in which data are acquired on a continuous basis for a
variety of purposes. The ability to make accurate and timely decisions based on
available data is crucial for business decisions, medical treatments, national security,
crime resolution, disaster management and many other areas. The traditional statistical
and visualization techniques used to extract knowledge from these large and complex
datasets have not developed significantly.

Visualization has proven effective not only for presenting essential information in vast
amounts of data but also for driving complex analyses. Big data exploration/analytics and
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presentation create new research issues for the computer graphics and visualization
community. Big data characteristics such as volume, velocity, variety, value and veracity
require quick decisions for implementation, as the information can lose value very fast.
Such fast data expansion will result in challenges related to a human’s ability to manage the
data, extract information and gain knowledge from it using traditional statistical and
visualization methods. Current activity in the field of Big data visualization is focused on
the invention of tools that allow a person to produce quick and effective results working
with large amounts of data. Big data related visualization challenges are based on an
understanding of human perception and the correlation between Augmented Reality and
Virtual Reality that are suitable for the perception capabilities of humans. To visualize Big
data, feature extraction and geometric modeling can be implemented. A visual repre-
sentation is more likely to be accepted by a human in comparison with unstructured textual
information or statistics. Likewise, an analyst is likely to find relationships in data using
advanced visualization tools such as Vibe that would not be discovered otherwise.

While scientific visualization, geo-coded visualization and big data may provide us
with many new and advanced visualization techniques, which may be introduced into
mainstream data visualization sometime in the future, we shall concentrate here on
general visualization. Here the objective of visualization is to present the data to the
reader. The idea is to show the information that may be hidden in the data in a way such
that the reader gets an immediate understanding. While the traditional visualizations are
a part of most reader’s vocabulary, the aim of many of the visualization methods and
their prototypes developed in the early nineties, such as Vibe and CASCADE, was to
extend this vocabulary with more advanced methods.

2 General Data Visualization — The Vibe System

Vibe is a multidimensional visualization system [2, 3]. With Vibe the users define POIs
(points of interest). These work similar to axes in a two dimensional visualization,
however, in a Vibe display one could have many POIs. Data objects are attracted to
POlIs. If an object has a value on only one POI a symbol for the object will be placed on
top of the POL. If it has an equal value for two POIs it will be placed between these, etc.

Figure 1 shows a VIBE diagram with four POIs, each shown as a small circle. One
data object has only values on POI A, and the icon representing this object is placed on
top of A. We see two objects that have a value on POIs A and B, one with a stronger
value on A than B, and another with a stronger value on B and A. The objects in the
middle have a value on all POIs. Vibe allows the user to reposition the POIs and to
block the influence from one or more POIs. The system can then visualize how the data
objects move by drawing a line from the former to the new position. The user can click
on any object and will then get additional information on this data object. There are
functions for zooming in and out and to use color, for example to distinguish different
types of data objects.

The user interface is shown in Fig. 2. In the example shown here the POIs are data
types that characterize countries, such as life expectancy, literacy and infant mortality.
Each is offered in two variations, one that attracts higher than average values, and one
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Fig. 1. A VIBE diagram with four POIs
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Fig. 2. VIBE user interface, here displaying countries of the world

that attracts lower than average values. The data objects are the countries of the world.
We see that these fall into two groups, the ones that have positive values on these POIs
and the others. Some countries fall outside of these groups.
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In another visualization of the data on all the countries of the world (Fig. 3) we also
introduced POIs for GDP (Gross Domestic Product). Back in 1991 we were able to
show that there were two countries that fell outside of the “normal” groups: Cuba had a
low GDP per person but scored well on the POIs for literacy, life expectancy and infant
mortality while Kuwait had a high GDP but scored low on these POIs. That is, by
visualizing these data one was able to see combinations that were not apparent from the
data directly.
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Fig. 3. Countries of the world fall into one of two groups

3 Document Visualization: CASCADE

During this same period we worked on the development of a collaborative authoring
software system called CASCADE - “Computer Aided Support for Collaborative
Authoring and Document Editing” [4, 5]. The system made heavy use of visualization
to augment the authoring and editing process.

Figure 4 shows a document with comments. In the upper left corner, is a dialog box
that controls how comments are rendered within the document. The classification of
comments and the colors associated with them can be set per project. In this case,
comments are rendered and shown in the document and the “mural” based on the status
of the comment. The comment dialog appears when the user clicks on the document
and allows the user to make a comment and classify it — in this case over three
dimensions. The “mural” appears to the right of the scroll bar which shows a thumb
proportional to the amount of the document displayed. Three comments are visible in
the portion of the document displayed, one pending, one open, and one settled. Four
comments are shown in the mural. The user can see that there is another open comment
towards the end of the document as depicted in the mural.



296 K. A. Olsen et al.

D“' = B3 Mein _Information Nevigation Document Ecit Search Utiities Administration Help
@ LG SM & GoTOPARENTFOLDER I [Sample Copywrite notice for shareware = |
& CR CBK To be included in CASCADE Source files
T -
'C‘gng::en‘t_ off B Words? as ASCllwith LB Here is some information that needs to be included in the copyright
G [ "D anohercommant_ |notice. Lets cehck this against other sources and modify it as we
B O R g
Render On B des stucture see appropriate.
Status - |g“:‘:’“"'"— CASCADE Client Version spring 1.0a R.001
— st
Open =l Release date 08/20/97
Pending Copyright 1997 spring Michael B. Spring et.al.
Settled This code is the result of a multi-year project headed by Michael B. _|
Spring in the Department of Information Science and
= Telecommunications at * the University of Pittsburgh. This file, and
all other ﬁles that comprise elm2 the CASCADE_elm2 system were
close I d and written by a team including: Michael B. Spring,
[ e s - Emile L. Morse, Staale Nerboe, Bordln Sapsomboon, Wasu
Commar] Chaoy; Geir Inge Kri d,Ramesh Sudini, Swantje Wilms,
Sew  Tpe ] ‘Tammy Datri, Terrence Liu, Tore Joergensen, Paul Vanderveen,
Joven L5/ foecton = = oot El _ Doug Burke, Bill Fithen, Misook Heo, Bryan Sorrows, Gregory
Fl Schmitt, and others.
Support for the project has come from these |ndeuaIs the -
Department of Information Scif and Tel i and the
National Institute of Standards and Technology.
This program is distributed WITHOUT ANY WARRANTY; without
_Ill even the implied warramy of MERCHANTABILITY or FITNESS FOR sl

Fig. 4. CASCADE showing comments, comment control, and mural (Color figure online)

Note that the folder listing is also color coded with files shown as dark type on
pastel backgrounds — yellows for text, blues for images, etc. and folders displayed as
light type on dark backgrounds. Folders could be of various types as well — ordered
versus unordered as an example.

Figure 5 shows a visualization of the activity of five users over a period of 29 days.
The lines in each white bar show when the user was logged in. The histogram at the
bottom shows times when the users were concurrently logged on over the period of

Commul

Fig. 5. Session information for users
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review. The visualization shows the overall work effort of team members and may be
used to find the best time to schedule synchronous meetings. Similar visualizations
were developed to track keystrokes and mouse actions that could inform decisions
about accelerator buttons that would ease editing and authoring activity.

CASCADE had a variety of static and dynamic hypertext displays. For example, a
set of documents could be analyzed generating an ad hoc hypertext structure that could
be used to access some or all of the comments on a set of documents. (One motivation
for the development of CASCADE was the authoring of standards documents which
involved tens to hundreds of editors working on large complex documents over a
significant period of time). CASCADE was designed to make the processing of such
documents more efficient. Figure 6 shows one of the more ambitious navigation tools —
called “Docuverse”. Docuverse was designed to show attributes of a large set of
documents. In this case, it is displaying the size of about 400 documents. Beginning at
the root, the user can choose any subdirectory on the left side to drill down. Docuverse
had a half dozen attributes that could be visualized — age, size, number of comments,
last access, last modification, etc. Double clicking on a folder would exit Docuverse
into a more traditional directory listing.
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Fig. 6. Docuverse
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4 Visualization Today

Novel visualization methods dedicated to abstract data have decreased in recent years.
If we examine the visualizations that are used today in newspapers, reports and sci-
entific papers we find only standard data visualizations as illustrated in Fig. 7. That is,
two, perhaps three, dimensional figures, and charts. We find the traditional pie and bar
diagrams. In practice, these are the type of diagrams that can be made by an Excel
spreadsheet.

Accounting | TotalSalaries s 4,786,571
Administration Total Bonuses s 406,048 100 wSslary wBonus = Overtime mCommission
Total Overtimes s ao7so7 -
= [lostcompssions s 79 soe: | —
s 6079327 ®
—
- Total Employees 2 R0
- Averagesaiary s eeem © Markering |
Sales - | Telsickoays a7 T ——
Aversga SickDays par Emp. 61 S | I i s, —
Boston B oim Finance |
Miami 2000 2001 2002 2003 2004 2005 2006 2007 2008
Customer Suppore [
Chicago Admiristracion
New York bdd
s 12 Accounting |
2000 ~lf a 10 S0 $500000  $1,000000 $1,500,000 52,000,000
2001
202 s ¢ [0 Compensation distribution by lcation, 2007
2003 6
2004 2
2005 4 New York
2006 1 2 I I
2008 ~ilo o Chicago
2000 2001 2002 2003 2004 2005 2006 2007 2008 2000 2001 2002 2003 2004 2005 2006 2007 2008
Farman Abraha B Los Angeles
Heela Kraft
Tan Helmer —
Jacqueine N, =
Jacqueline N. Hildebrand ' Accounting
James Obern m Admiristration Boston
James Wilson - s ® Boston
Janalee Eggleston mCistome Svport 50 5500000 510,000 S1500000 2000000 $2500,000 300000
W Finance W Miami
Jeremiah De Grazia = ® Commission = Overtime wBonus m Salary.
Jesse Wooten ® Human Resources. B Los Angeles
Jessica Rodriguez T "
Joeanne Melendez : u Chicago
- = Marketing .
Johnathan A Wihite =ReD u New Yorl 10000
Jonathan C. Parnell gt
[ / Employee Data_” Calculations _”Lists . Readme [0KNE M ]

T T ommm 7

Fig. 7. General visualizations

We find some more “advanced” visualization, e.g. data visualized on maps and in
three dimensional diagrams as shown in Fig. 8.

Power Stations across the US e
1900 2008

Fig. 8. Geocoding information
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A particularly interesting geocoded example of a large data set visualization also
makes use of a timeline as shown in the visualization of a distributed denial of service
attack that took place on August 31, 2013 (Fig. 9). See www.digitalattackmap.com for
more.
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Fig. 9. DDOS attack on the US, China and others August 31, 2013

However, geocoding of data is nothing new. Minard’s famous visualization of
Napoleon’s disastrous campaign in Russia is a well-known example. It was drawn in
1869. Today we may find more visualizations than at that time, since they both are
easier to produce and easier to disseminate, but in practice there has been little
development for abstract data visualizations — today we find, for the most part the same
techniques used 150 years ago. The interesting question then is, why haven’t Vibe,
CASCADE and other experimental systems evolved?

5 Why Did General Visualization Tools Not Evolve?

One reason for not using advanced visualization methods is surely that in many cases
the data will speak for itself. If the median income in the US is $865 per week for a full
time worker there is no need for any visualization. If 33% of the population surveyed
supports the president no visualization is needed. The number says everything, but
instead of presenting the raw data that 330 out of a 1000 people surveyed confirmed
that they supported the president, we offer the result as a percentage. In many cases it is
sufficient to present the data as numbers or with simple diagrams.

However, if we want to study how income changes from year to year a time
diagram will show this. With more advanced visualizations it is possible to see rela-
tionships not as apparent in multi-dimensional data sets. For example, using VIBE on
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the countries of the world we were able to find many facts that were not apparent from
the data directly. One example was Cuba and Kuwait, another was how countries at
war fell from the “good” group to the “bad” group, and how they managed to get back
as soon as a war ended. We saw this when we visualized the Balkan countries over the
years of conflict and peace. With other advanced visualization techniques it was
possible to draw interesting information out of complex data. Still, nearly all the
visualizations we see today are traditional.

We may criticize users for being too conservative — that they only do what they
have always done. However, past experience shows that users are willing to learn
something new if the advantages are high enough. Typewriters were replaced by word
processing systems, users have been willing to learn how to produce high quality
document layouts, PowerPoint presentations have grown in sophistication well beyond
overheads, snail mail has been replaced by email that may include various kinds of
emojis and pictures. In general users are willing to use computers for very many tasks
and to develop new skills.

When working with complex data there are two basic considerations; data
exploration/analysis and presentation to an audience. For data analysis/exploration, the
primary audience is the data analyst. This is the person who is both attempting to
analyze the data and to interpret the results. This person typically needs to work with
feedback cycles of defining hypotheses, analyzing data, and visualizing the results. For
data presentation, the audience is typically a group of end-users such as the readers of a
publication. As far as we can see the novel and advanced methods failed both for
exploration and for presentation.

Independent of the technique used the main idea of an abstract visualization is to
translate numbers into graphical presentations. When communicating to a general
audience it will be necessary for the visualizations to be intuitive. Traditional visual-
ization techniques are intuitive. A pie chart shows part of the whole and connects to,
yes, pies. Time series gives us the impression of something that goes up and down,
such as a country road. Similarly, a bar chart may connect to the skyline of a large city,
with high and low buildings. The more advanced visualization, especially the multi-
dimensional, are less intuitive.

The visualizations for data exploration need to be easy to create and may often
show multiple dimensions to unearth complex patterns. Many of the advanced data
exploration tools require more hypothesis formation and concept creation than simpler
visualization techniques such as a line graph or bar chart or basic statistical methods.
For data presentation, it is critical that visualizations be simple and intuitive. The
audience doesn’t have the patience to decipher the meaning of complex presentations.
For instance, presenting data in a chart as a visualization cannot stand-alone without an
explanation to readers. With more complex visualizations produced by tools such as
VIBE the users have a difficult time understanding the presentation without a com-
prehensive explanation of how to use them.

Tools such as Vibe for data exploration offer function over form where analytical,
programming, data management, and business intelligence skills are more important
than the ability to create presentable visualizations which may be why these tools are
not used frequently. For visualizations, most users can understand the simple diagrams.
These are used so many times that users get experience. There is no need to explain the
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basics of existing visualization techniques to readers. While VIBE, along with all the
other advanced and novel methods, would need an explanation of how the visualiza-
tions are produced, this is not needed for simple charts. By using traditional visual-
izations we speak a language that the user knows, with the new advanced methods we
introduce new “terms” and “concepts” that needs an explanation. The cost-benefit
analysis may not favor new advanced visualizations.

6 Discussion

General visualization tools, tools that can be used on a wide range of data, are often
favored over specialized tools, even if the specialized tools may be better for a specific
application. That is, when we write reports, books or scientific papers we try to use the
same tools all the time. This makes the production of the visualizations very effective.
We also avoid the need for explaining the technique as long as we keep to visual-
izations that the readers have seen before. This holds true for general use of a tech-
nique. If we move into special areas such as scientific visualization users may find it
worthwhile to invest in learning to use more advanced methods. In these cases the
visualization is often used to let the researcher explore complex data to find correla-
tions, and perhaps not to explain these to a general public. It is interesting to note the
similarities between Spring and Jennings [6] and Olshannikova et al. [1]. Both look to
rules for the use of virtual and augmented reality. On the other hand, with the type of
visualizations that we consider here the goal is to communicate information clearly and
effectively [7]. The basic rationale is to explain data to readers, the methods used are
time series, ranking different values, showing correlation and deviation and methods to
compare values.

The fact that general, simple techniques often are preferred over the more special
and complex is seen in other areas as well. At one time there were expectations that 3D
movies would conquer the market. While there have been some successful examples in
few selected genres, 2D seems to do the job. Similarly, there may be interesting
applications for virtual reality and augmented reality, but it seems that it is difficult to
get these systems used generally. Speech recognition may be another example. There
are applications where it is needed, for example where the user’s hands are tied up, but
it seems that most of us would still choose a keyboard for entering data. In general,
reliability and simplicity seem to be what we want.
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