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CHAPTER

35

Data Visualization for
Human Perception

by Stephen Few.

ata visualization is the graphical display of abstract information for two pur-
D poses: sense-making (also called data analysis) and communication. Impor-
tant stories live in our data and data visualization is a powerful means to discover
and understand these stories, and then to present them to others. The information
is abstract in that it describes things that are not physical. Statistical information
is abstract. Whether it concerns sales, incidences of disease, athletic performance,
or anything else, even though it doesn’t pertain to the physical world, we can still
display it visually, but to do this we must find a way to give form to that which has
none. This translation of the abstract into physical attributes of vision (length,
position, size, shape, and color, to name a few) can only succeed if we understand
a bit about visual perception and cognition. In other words, to visualize data effec-
tively, we must follow design principles that are derived from an understanding of
human perception.
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As the saying goes, “a picture is worth a thousand words” - often more - but only
when the story is best told graphically rather than verbally and the picture is well de-
signed. You could stare at a table of numbers all day and never see what would be im-
mediately obvious when looking at a good picture of those same numbers. Allow me to
illustrate. Here’s a simple table of sales data - a year’s worth - divided into two regions:

2009 Sales (thousands of U.S. §)

Region Jan Feb Mar Apr May Jun Jul Aug Sep Qct Mov Dec Total

Domestic 1,883 2,343 2,583 2,283 2574 2838 2,382 2634 2,938 2,739 2983 3403 31,783

Intemational 574 636 673 593 644 679 583 139 599 583 802 690 7.005

Tatal 2,057 2979 3266 2876 3218 3517 2976 2773 3,537 3322 3585 4,183 38,788
FIGURE 35.1

Copyright status: Unknown (pending investigation). See section “Exceptions” in the copyright terms.

This table does two things extremely well: it expresses these sales values precisely
and it provides an efficient means to look up values for a particular region and
month. But if we’re looking for patterns, trends, or exceptions among these val-
ues, if we want a quick sense of the story contained in these numbers, or we need
to compare whole sets of numbers rather than just two at a time, this table fails.

Now look at the following picture of the same information in the form of a line graph:
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FIGURE 35.2

Copyright status: Unknown (pending investigation). See section “Exceptions” in the copyright terms.

Several facts now leap into view:

» Domestic sales were considerably and consistently higher than
international.

» Domestic sales trended upward over the year as a whole.

» International sales, in contrast, remained relatively flat, with one
glaring exception: they decreased sharply in August.

Domestic sales exhibited a cyclical pattern - up, up, down - that repeated it-
self on a quarterly basis, always reaching the peak in the last month of the quarter
and then declining dramatically in the first month of the next.

What these numbers could not communicate when presented as text in a table,
which our brains interpret through the use of verbal processing, becomes visible and
understandable when communicated visually. This is the power of “data visualization.”
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Although data visualization usually features relationships between quantita-
tive values, it can also display relationships that are not quantitative in nature.
For instance, the connections between people on a social networking site such as
Facebook or between suspected terrorists can be displayed using a node and link
visualization. In the following example, people are the nodes, represented as cir-
cles, and their relationships are the links, represented as lines that connect them.
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Courtesy of Jeffrey Heer and Danah Boyd using Vizster. Copyright: CC-Att-ND (Creative Commons
Attribution-NoDerivs 3.0 Unported).
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Visualizations that feature relationships between entities, such as the people

in the example above, can be enriched with the addition of quantitative informa-
tion as well. For example, the number of times that any two people have inter-
acted could be represented by the thickness of the line that connects them.

35.1 DATA VISUALIZATION IN HISTORICAL CONTEXT

People have been arranging data into tables (columns and rows) at least since the 2nd
century C.E., but the idea of representing quantitative information graphically didn’t
arise until the 17th century. For this innovation we have the French philosopher and
mathematician Rene Descartes to thank. He developed a two-dimensional coordi-
nate system for displaying values, consisting of a horizontal axis for one variable and
a vertical axis for another, primarily as a graphical means of performing mathemati-
cal operations. It wasn’t until the late 18th century that we began to exploit the po-
tential of graphics for the communication of quantitative data, for which we have the
Scotsman William Playfair to thank. Playfair pioneered many of the graphs that are
commonly used today. He was the first person to use a line moving up and down as it
progressed from left to right to show how values changed through time, as in the ex-
ample below. He also invented the bar graph, and on one of his off days he invented
the pie chart, which we have since found relatively ineffective, because it encodes
values as visual attributes (primarily the area of each slice as well as the angle that it
forms in the center of the pie) that we cannot easily perceive and compare.
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Ficure 35.4: Playfair included this graph in his The Commercial and Political Atlas
(1786) to argue against England’s policy of financing colonial wars through national
debt.

Courtesy of William Playfair (1759-1823). Copyright: pd (Public Domain (information that is common
property and contains no original authorship)).

The use of quantitative graphs gradually increased over the years, but their meth-
ods and effectiveness evolved little until the second half of the 20th century.
Jacques Bertin laid the foundation for much of the progress that’'s been made
during the last half a century with the publication in 1967 of the book Semiologie
graphique (The Semiology of Graphics, Bertin 1967). His work was pivotal be-
cause he discovered that visual perception operated according to rules that could
be followed to express information visually in ways that represented it intuitively,

clearly, accurately, and efficiently.

The person who really introduced us to the power of data visualization as
a means for exploring and making sense of quantitative data was the Princeton
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statistics professor John Tukey, who in 1977 gave form to a whole new statistical
approach called exploratory data analysis.

In 1983, the person working in the field today whose name is recognized
above all others, Edward Tufte, published his groundbreaking book The Visual
Display of Quantitative Information. In it he pointed out that there were effective
ways of displaying data visually and then there were the ways that most people
were doing it, which didn’t work very well. Also working to improve data visu-
alization practices around this time was William Cleveland, who extended and
refined data visualization techniques for statisticians.

Soon thereafter, a new research specialty emerged in the academic world,
which was coined “information visualization.” In their 1999 book Readings in
Information Visualization: Using Vision to Think, Stuart Card, Jock Mackinlay,
and Ben Shneiderman collected the best academic work that had been done by
that time into a single volume and made its discoveries accessible beyond the
walls of academia (Card et al 1999).

Since the turn of the 21st century, data visualization has been popularized,
too often in tragically ineffective ways as it has reached the masses through com-
mercial software products. Gratefully, amongst the bevy of products that promote
data visualization in ways that feature superficially appealing aesthetics above
useful and effective data exploration, sense-making, and communication, there
are a few serious contenders for our attention who are helping us fulfill its poten-
tial in practical and powerful ways.
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Ficure 35.5: This display, consisting of multiple views of the same data set, was cre-
ated using Tableau Software, one of the few software vendors that currently under-
stand data visualization.

Copyright status: Unknown (pending investigation). See section “Exceptions” in the copyright terms.

Among those who have contributed to our understanding of data visualization, Co-
lin Ware has done the most to base its practice on an understanding of human per-
ception. Ware’s two excellent books - Information Visualization: Perception for
Design (Ware, 2004) and Visual Thinking for Design (Ware 2008) - compile, or-
ganize, and explain what we have learned from several scientific disciplines about
visual thinking and cognition and apply that knowledge to data visualization.

PICTURES FOR THE EYES AND MIND

Data visualization is only successful to the degree that it encodes information in
a manner that our eyes can discern and our brains can understand. Getting this
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right is much more a science than an art, which we can only achieve by studying

human perception. The goal is to translate abstract information into visual rep-
resentations that can be easily, efficiently, accurately, and meaningfully decoded.
Consider a case when you need to help people understand the primary causes of
death in America contained in the following table:

Deaths
Causes of Death per Year
Heart disease 616,067
Cancer 562,875
Stroke (cerebrovascular diseases) 135,952
Chronic lower respiratory diseases 127,924
Accidents (unintentional injuries) 123,706
Alzheimer's disease 74 632
Diabetes 71,382
Influenza and Pneumonia 82,717
MNephritis, nephrotic syndrome, and nephrosis 45 448
Septicemia 341 828
All other causes 577,181
Total 2423712

FIGURE 35.6

Copyright status: Unknown (pending investigation). See section “Exceptions” in the copyright terms.
To achieve this goal, the display should achieve the following:

» Clearly indicates how the values relate to one another, which in
this case is a part-to-whole relationship - the number of deaths per
cause, when summed, equal all deaths during the year.

» Represents the quantities accurately.
» Makes it easy to compare the quantities.

» Makes it easy to see the ranked order of values, such as from the
leading cause of death to the least.
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» Makes obvious how people should use the information - what they
should use it to accomplish - and encourages them to do this.

The traditional way to display this information graphically involves a pie
chart, illustrated below.

Total Deaths in American by Cause in 2007
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FIGURE 35.7

Copyright status: Unknown (pending investigation). See section “Exceptions” in the copyright terms.

How well does this pie chart satisfy our criteria for effectiveness? Let’s consider
each of the requirements.

Clearly indicates the nature of the relationship? Yes. The primary strength
of a pie chart is the fact that it clearly indicates a part-to-whole relationship be-
tween the values.

Represents the quantities accurately? No. Pie charts encode values redun-
dantly through the use of three visual attributes: the area of each slice, the angle
formed by each slice at the center of the pie, and the length of the each slice along
the pie’s perimeter. Even when the area, angle, and perimeter of each slice is cal-
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culated properly, it fails in that we cannot perceive any one of these attributes

accurately. Visual perception in humans has not evolved to support accurate de-
coding of areas, angles, or distance along a curve.

Makes it easy to compare the quantities? No. Because we cannot perceive
the values accurately, we also cannot compare them easily or accurately. Further-
more, in this particular pie chart, because a legend has been used to label the
slices, we are forced over and over to look up the meaning of the slices we wish
to compare by finding the right color, which is often difficult to discriminate. The
fact that this pie chart has been rendered in 3-D also complicates the simple act of
comparison because the perspective skews the relative size and shape of the slices,
making slices on the bottom appear larger and more salient than similarly sized
slices on the top.

Makes it easy to see the ranked order of values? No. Even though the slices
are displayed in ranked order from the highest value (heart disease) at the top and
continuing clockwise to the smallest, excluding the final “All other causes” slice,
this ranking isn’t obvious, because it’s difficult to compare the slices. For example,
the red cancer slice appears to be larger than the blue heart disease slice due to the
3-D effect, which has given it more visual weight. Effects such as the 3-D render-
ing of this pie chart are sometimes used to intentionally mislead.

Makes obvious how people should use the information? Partially. Although
the pie chart succeeds in encouraging people to compare the slices to understand
the relative contributions of each part to the whole, it fails to support this opera-
tion effectively.

Given the ways in which this pie chart has failed to match human perception,
let’s consider an alternative form of display. The following bar graph displays the
same set of values, but in a way that can be more readily perceived.
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Copyright status: Unknown (pending investigation). See section “Exceptions” in the copyright terms.

Let’s review the effectiveness of this bar graph using the same criteria as before.

Clearly indicates the nature of the relationship? Yes. In and of itself, a bar
graph does not declare the part-to-whole nature of the relationship between these
values, because, unlike pie charts, bar graphs can be used to display other rela-
tionships as well. This particular bar graph, however, includes components that
make the nature of the relationship clear, including the title (“Total Deaths...”)
and especially the column of values that add up to 100%.

Represents the quantities accurately? Yes. The horizontal position at which
each bar ends and the length in relation to the quantitative scale along the x-axis
both encode these values in a way that can be accurately perceived. Unlike areas,
angles, and the lengths of curved lines that don’t share a common baseline, 2-D
position and the length of straight linear objects such as these bars, which share a
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common baseline and run parallel to one another are visual attributes that we can

perceive with a high degree of accuracy.

Makes it easy to compare the quantities? Yes. Because we can perceive these
values accurately when encoded as bars, it is also quite easy to compare them. No-
tice how easy it is to see differences in the lengths of these bars that could not be
easily seen when comparing the slices of the pie. Also notice that when each bar
shares the same color, unlike the pie’s slices, which varied in color, our eyes are
encouraged to compare the bars because of that likeness. And because the bars
are labeled directly with the names of the causes of death, we must no longer do
the work that a legend requires when comparing the values.

Makes it easy to see the ranked order of values? Yes. Because differences in
the bar’s lengths are easy to perceive, the fact that they are ranked from highest
to lowest, except for the final “All other causes” bar, is obvious. By arranging the
bars in ranked order, we’ve also made comparisons much easier by placing those
causes of death that are closest in value near one another in the graph.

Makes obvious how people should use the information? Yes. The fact that
these bars should be compared to understand the varying degree to which these
causes of death contribute to total deaths is intuitively obvious.

The point of comparing the perceptual effectiveness of the pie chart and bar
graph has not been to make a case against pie charts (although this case deserves to be
made), but to illustrate how we should always judge a visualization’s merits
by the degree to which we can easily, efficiently, accurately, and mean-
ingfully perceive the story that the information has to tell. To do this, we
must understand the perceptual strengths and weakness of various graphical means
for displaying particular stories. To do this, we must understand perception.
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35.3 DATA VISUALIZATION AND HUMAN PERCEPTION

Data visualization is effective because it shifts the balance between perception
and cognition to take fuller advantage of the brain’s abilities. Seeing (i.e visual
perception) which is handled by the visual cortex located in the rear of the brain,
is extremely fast and efficient. We see immediately, with little effort. Thinking
(i.e. cognition), which is handled primarily by the cerebral cortex in the front of
the brain, is much slower and less efficient. Traditional data sensemaking and
presentation methods require conscious thinking for almost all of the work. Data
visualization shifts the balance toward greater use of visual perception, taking
advantage of our powerful eyes whenever possible.
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FIGURE 35.9

Copyright status: Unknown (pending investigation). See section “Exceptions” in the copyright terms.

One of the earliest contributions to the science of perception was made by
the Gestalt School of Psychology. The original intent of this effort when it began in
1912 was to uncover how we perceive pattern, form, and organization in what we
see. The founders observed that we organize what we see in particular ways in an
effort to make sense of it. The result of the effort was a series of Gestalt principles of
perception, which are still respected today as accurate descriptions of visual behav-
ior. Here are a few of the principles that can inform our data visualization efforts:
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Proximity

Objects that are close together are
perceived as a group.

Similarity

Objects that share similar attri-
butes (e.g., color or shape) are
perceived as a group.

Enclosure

Objects that appear to have a
boundary around them (e.g.,
formed by a line or area of com-
mon color) are perceived as a

group.

Closure

Open structures are perceived

as closed, complete, and regular
whenever there is a way that they
can be reasonably interpreted as
such.

I

Continuity

Objects that are aligned together
or appear to be a continuation of
one another are perceived as a

group.

Curves are ..asthis, ... ot this.
Fant

- \J N\

\

Connection

Objects that are connected (e.g., by
a line) are perceived as a group.
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New insights into visual perception and cognition are arising from work in
various disciplines besides information visualization, such as human factors and
human-computer interaction, but none are more ground-breaking than those
arising from the cognitive sciences, especially cognitive psychology. Today, with
new and improved technologies and methodologies for brain exploration, oppor-
tunities to improve the perceptual effectiveness of data visualization abound. Two
areas of study in particular are especially useful:

» preattentive visual processing
» mechanisms and limitations of attention and memory

One of the great strengths of data visualization is our ability to process vi-
sual information much more rapidly than verbal information. Preattentive visual
processing is that part that automatically occurs in the brain prior to conscious
awareness. It consists of several stages, each handled by specialized neurons that
are tuned to detect particular attributes of the visual information contained in
light that reflects off the surfaces of objects in the world, which is then stitched
together into a picture in our mind’s eye of that object. We can use these basic
attributes, such as differences in length, size, hue, color intensity, angle, texture,
shape, and so on, as the building blocks of data visualization. When we do so in
an informed manner, we have the ability to transfer much of the work that is
needed to decode the contents of a visual display, such as a graph, from the slower
conscious, energy intensive parts of the brain to the faster parts of the brain that

require less energy, which results in more efficient cognition.

Studies in attention and memory are revealing our surprisingly limited abil-
ity to hold multiple items simultaneously in awareness. This recognition leads
us to augment attention and memory by relying on external forms of informa-
tion storage. One of the most powerful ways to do this is to encode information
visually, which allows more information to be chunked together into the limited
slots available in working memory. Another method is to place several views of
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information in front of our eyes at one time, thus extending our ability to explore

data multidimensional and from multiple perspectives to make comparisons and
see connections to a degree that would be impossible if we had to consume these
views one at a time, due to the limits of working memory. Good data visualiza-
tion techniques and technologies, properly used, can extend our thinking into new
realms of analytical sensemaking, and we are still only beginning to tap into this
potential.

35.4 FUTURE DIRECTIONS

What’s most needed in the field of data visualization, as in other fields, is not
always what’s most exciting or not even what’s particularly innovative. Some-
times we simply need to make it easier to do those things that work. One example
of this is the effort of a few software vendors to build data visualization best
practices right into the tools, such as in the form of defaults, thereby making it
easier and less time-consuming to do what works and harder and more costly
to do what doesn’t. Besides these simple, straightforward but often overlooked
improvements, a few other areas offer the potential for enrichment, such as the
following:

» The integration of geo-spatial and network displays (such as node
and link diagrams) with other forms of display for seamless interac-
tion and simultaneous use.

» Technological support for collaborative data sensemaking to bring
the complementary advantage of multiple brains together.

» The application of data visualization beyond descriptive statistics
to the realm of predictive analytics, such as through the use of in-
teractive predictive visual models,

» Tighter integration of data mining algorithms to find meaningful
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patterns with data visualization to provide a better way to review
and explore those patterns.

» Improved human-computer interface devices for interacting with
data visualization in a more rapid and seamless manner.

All of these are being pursued to some degree, but could be exploited more quick-
ly if more researchers focused on solving real problems that we face in the world today.

35.5 WHERE TO LEARN MORE

Several universities have developed graduate programs that are dedicated to the
study and advancement of data visualization. The University of Maryland, Stan-
ford, the University of North Carolina, the University of California, Berkeley, and
Georgia Tech are a few of the finest. Although several periodicals in the broad-
er fields of computer graphics and human-computer interaction include articles
about data visualization, only one academic journal features the field exclusively:
Information Visualization Journal, published quarterly by Palgrave Macmillan. A
few smaller publications focus on making data visualization practical and acces-
sible to a broader audience, such as the Visual Business Intelligence Newsletter.
Conferences dedicated to the field are also few. The oldest, IEEE’s VisWeek, which
includes the InfoVis and VAST (Visual Analytics Science and Technology) sub-con-
ferences that are dedicated entirely to data visualization, remains the largest and
perhaps best of the conferences, but significant work in the field also appears in
other conferences of broader perspective, such as CHI (Computer-Human Interac-
tion) and SIGGRAPH.

CHI - Human Factors in Computing Systems

2011 2010 2009 2008 2007 2006 2005 2004
2003 2002 2001 2000 1999 1998 1997 1996
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1995 1994 1993 1992 1991 1990 1989 1988
1987 1986 1985 1983 1982

SIGGRAPH - International Conference on Computer Graphics
and Interactive Techniques

2002 2001 2000 1999 1998 1997 1996 1995
1994 1993 1992 1991 1990 1989 1988 1987
1986 1985 1984 1983 1982 1981 1980 1979
1978 1977 1976 1975 1974

Next conference is coming up 21 Jul 2013 in Anaheim, California
InfoVis - IEEE Symposium on Information Visualization

2005 2004 2003 2002 2001 2000 1999 1998
1997 1995

Refreshing exceptions, including Tableau Software and TIBCO Spotfire,
both spin-offs of academic work, SAS JMP, which arose from a deep understand-
ing of statistics, and a few other relatively small vendors, are gradually stealing
the attention they deserve from the big software companies - especially business
intelligence vendors - that dominate the market. Apart from product vendors, a
few research laboratories and consultancies are also contributing to the develop-
ment and application of the field, including Microsoft Research, Pacific North-
west National Laboratory, Flowing Media, Oculus Info, and Perceptual Edge.

Several good books have been written about data visualization. The follow-
ing, in chronological order, are especially useful for surveying the field and as a
source of basic instruction:
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Tufte, Edward R. (1983): The Visual

Cheshire, CT, Graphics Press

Display of Quantitative Information.

All four of Tufte’s books are excep-
tional, but his first is the best. It
makes an inspiring case for graphical
excellence.

Cleveland, William S. (1994): The
Elements of Graphing Data. Hobart
Press

Data visualization practices focused
on the needs of statisticians.

Harris, Robert L. (2000): Informa-
tion Graphics: A Comprehensive
Illustrated Reference. Oxford Uni-
versity Press, USA

An encyclopedic reference for infor-
mation graphics.

Card, Stuart K., Mackinlay, Jock D. and
Shneiderman, Ben (eds.) (1999): Read-
ings in Information Visualization: Us-
ing Vision to Think. Academic Press

An overview of the best academic
research in the field as of the publica-
tion date.

Few, Stephen (2004): Show Me the
Numbers: Designing Tables and
Graphs to Enlighten. Analytics Press

An accessible, practical, and compre-
hensive guide to the design of tables
and graphs for communication.

Ware, Colin (2008): Visual Think-
ing: for Design. Morgan Kaufmann

An eloquent introduction to visual
perception and cognition as it relates
to data visualization.

Few, Stephen (2009): Now You See
It: Simple Visualization Techniques
for Quantitative Analysis. Analytics
Press

An accessible and practical guide to
data visualization for analysis.
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Many blogs and online discussion forums feature data visualization - some
thoughtfully, based on expertise, and some with the shallowness that is often
found on the Web. Here are a few of the best:

Tufte.com (Edward Tufte)

Perceptual Edge (Stephen Few)
Eager Eyes (Robert Kosara)

Visual Complexity (Manuel Lima)

Flowing Data (Nathan Yau)

Pictures of Numbers (Mike Dickison)

vV v v v v v Vv

Instant Cognition (Clint Ivy)

35.6 COMMENTARY BY RONALD A. RENSINK

How to cite this commentary in your report

Ronald A. Rensink

© Ronald A. Rensink
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I am interested in vision—the various ways that humans, animals, and computers
use light to see. I believe that vision involves constraints that apply to any system,
and that the most successful visual systems are based on very general informa-
tion-processing strategies. As such, my approach is to examine biological systems
(including humans) to see how they operate, and then to look a...

Ronald A. Rensink
Ronald A. Rensink is a member of The Interaction Design Foundation

35.6.1 Four Futures and a History

Stephen Few provides a nice overview of the reasons why we should design
data visualizations to be effective, and why it’s important to understand human
perception when doing so. In fact, he’s done this so well that I can’t add much
to his arguments. But | can, however, push the basic message a bit further, out
into the times before and after those he discusses. Out into areas that are not as
well known, or not really developed, where new opportunities and new dangers
may lie...

Perhaps the best place to begin is the beginning. Discussing the beginning of
visualization is not without its problems, if only for the fact that there exist several
different kinds of visualization - for example, data visualization, information vi-
sualization, and scientific visualization. But whatever adjective used, we generally
find a history more extensive than commonly imagined. For example, although
Descartes did contribute to the graphic display of quantitative data in the 17th
century, graphs had already been used to represent things such as temperature
and light intensity three centuries earlier. Indeed, as Manfredo Massironi dis-
cusses in his book (Massironi, 2002; p. 131), quantities such as displacement were
graphed as a function of time as far back as the 11th century. But while these facts
may be of interest in their own right, the more important point is that techniques
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in graphic representation have been developed over many centuries, and many of

these techniques have been subsequently forgotten - perhaps fallen out of vogue,
or never found wide use to begin with. But the reasons for their dismissal may
not necessary apply in this day and age. Indeed, several techniques might lend
themselves quite well to modern technology, and so might be worth resurrecting
in one form or other. Books such as Massironi’s are helpful in discovering such
possibilities.

On to the future. Or more precisely, on to ways of further developing useful
connections between visualization and psychology. To begin with, there is po-
tential for considerably more integration between vision and visualization than
currently exists; much more processing could be offloaded to the viewer’s vi-
sual cortex. As Stephen Few mentions, one way of doing so is by making use of
simple preattentive properties such as length, orientation, and hue. But recent
work in vision science has shown that the preattentive level of vision contains
far more visual intelligence than that. Among other things, preattentive pro-
cesses can determine shadows, extract three-dimensional orientation, and link
scattered elements of the image into unified groups. These abilities could be ex-
ploited in higher-powered visualizations. Another area of recent progress is our
understanding of visual attention and scene perception. Our visual perception
of the world seems to be based on a just-in-time architecture in which attention
is directed to the right object at the right time. If the co-ordination mechanisms
involved can be handled correctly, it would open up the prospect of “seeing” ab-
stract datasets in a way that is as natural and effortless as seeing the physical
world. (A brief overview of these developments and their implications can be
found in Rensink, 2002.)

A related opportunity is the greater use of visual analogy (or metaphor).
Here, the emphasis is no longer on bypassing conscious thought, but on using
modes of thought best suited for reasoning about visuospatial objects and pro-



2252 EncycLoPEDIA OF HUMAN-COMPUTER INTERACTION

cesses. For example, when reasoning about physical force, a highly useful meta-
phor is the directed line, or arrow. A more modern example is the desktop, which
allows a user to reason about possible actions on their computer. As in the case
of visual perception, many - if not most - developments to date have been based
on a relatively shallow understanding of the mechanisms involved. But given that
cognitive scientists have learned much more about metaphor, it may be time to
consider its use in a more sophisticated fashion. Ultimately, visualizations might
be able to create mental images that correspond in a natural way to the structure
of any process or task. (For an interesting discussion of this, see Paley, 2009.)

A third direction of potential importance is the creation of more powerful
evaluation methods based on the methodologies developed in experimental psy-
chology. Psychologists have spent centuries learning what to do (and not to do)
to obtain precise measurements of various aspects of human behaviour. It would
be good to learn from this. Of course, some of these techniques have already been
adapted to evaluation. But as in the case of cognitive and perceptual mechanisms,
the transfer of knowledge here is far from complete, and there is much that could
still be done. For example, consider evaluating how well a given scatterplot design
conveys the correlation in a dataset. In the past, this was done by presenting the
viewer with the scatterplot and asking for a numerical estimate of the (perceived)
correlation. But a more powerful approach is to borrow the experimental meth-
odology of measuring just noticeable differences (jnds): the viewer is presented
with two side-by-side scatterplots, and asked to choose the more correlated one.
Results based on this approach show both precision and accuracy to be specified
over all correlations by two functions governed by only two parameters. As a con-
sequence, a given scatterplot design can be completely evaluated based on just
two simple measurements. (For details, see Rensink and Baldridge, 2010.)

A final direction to consider - perhaps the most challenging of all - is to
develop a systematic way of ensuring that visualization designs make optimal
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(or at least, good) use of human perception and cognition. In theory, this could

result in a “science of design”. In practice, this might not be possible, if only
because the number of possible designs is so immense and our understanding
of human cognition so incomplete. But it may be possible to follow the example
of several other areas of design, and aim for a set of principles that would at
least constrain the space of possibilities to consider. For example, constraints
based on physical forces or material properties can be applied to any architec-
tural design, determining whether or not it is viable. There is no a priori rea-
son why a similar approach would not also work for visualization. The efforts
of Bertin are perhaps a start in this direction, providing suggestions about the
kinds of graphic representation that might be applied to various kinds of prob-
lems. Work by Tufte, Mackinlay, Ware, and others have extended this further.
But however useful these suggestions are, we are still a long way from a solid
foundation for thinking about effective visualizations. Many foundational is-
sues are still poorly understood. What is really going on in a visualization? Is
there a way to describe this process precisely and objectively? Is it even possi-
ble in principle to determine if a given visualization draws upon the perceptual
and cognitive resources of the viewer in an optimal way? The answers to these
questions and others like them will be difficult to find. But they will determine
the extent to which we can enable humans and machines to best combine their
respective strengths.
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Stephen Few wrote an excellent description of data visualization and the necessity
for designing graphics to take advantage of our knowledge of human perception
and cognition. In this commentary | question who is responsible for the myriad
of visualizations that ignore this knowledge: the software vendors, the software
users or others? In addition, I point out important work that deserves greater ex-
posure on the integration of geo-spatial and other forms of data display, a topic on
Few’s most-needed list. | end with additional sources for learning more.

35.7.1 Responsibility for perceptual problems with many data
visualizations

Few’s article states:

ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

“Since the turn of the 21st century, data visualization has been popularized,
too often in tragically ineffective ways as it has reached the masses through com-
mercial software products.”

ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

Certainly, software vendors are responsible for offering many graph forms that
hinder rather than help the reader to understand the data. The vendors offer
graphs to wow the audience rather than to communicate clearly and they create
demand for ineffective graphs. But they are not solely responsible for the myriads
of graphs with perceptual problems.

People learn from what they see and they see many ineffective graphs. The
software users then demand software that allows them to imitate these ineffective
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designs. This gets us in a chicken and egg situation: Do vendors produce these
awful visualizations because their customers demand them, or do the customers
become attracted to them when they see what vendors market?

An example of the ineffective ways includes pseudo-third dimensions in bar
charts. Figure 1 shows a pseudo-three-dimensional bar chart in Excel. AlImost no
one reads it correctly. | describe other problems with this graph in Creating More
Effective Graphs [1].

A B 5

Ficure 35.1: Almost no one reads this simple chart correctly. The numbers plotted
are 1, 2, and 3. Plot it yourself in Excel if you don’t believe me.

Copyright status: Unknown (pending investigation). See section “Exceptions” in the copyright terms.

A number of graphic artists have made major contributions to the field of data
visualization. However, there are some graphic artists who have no appreciation
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of numbers and don’t realize that the representation of numbers in graphs should

be proportional to the numbers they represent. As a result, it is common to see
graphs that are not drawn to scale.

Some graph designers want to give the impression of better performance
than is actually the case and intentionally design graphs that mislead to achieve
this impression. Other graph designers may be more concerned with demonstrat-
ing their technological abilities or artistic abilities than in communicating clearly
and accurately. Until recently, our educational system did not provide training in
communicating numbers. Today, there are some excellent courses at the college
level but the majority of people receive little, if any, training in presenting numeri-
cal information. Therefore, many graph designers are unaware of the principles
of effective graphs. Some of the problems occur from a lack of proofreading and
careless errors.

As an analogy, a current style in fashion is high-heeled shoes. A quick search
on “dangers of high heels” revealed that there has been an increase in the number
of bunion operations on wearers of high heels as well as foot pain, back pain and
neck pain. In some cases the Achilles tendon grows shorter. Balance is affected so
that the risk of falls is greater. The list of problems goes on and on. Is the shoe de-
signer, the shoe manufacturer, the retail outlet that sells the shoes or the customer
who buys them responsible for this increase in medical problems? Is this situation
analogous to the data visualization one? Both cause serious problems: poor busi-
ness decisions in one case and pain and suffering as well as unnecessary medical
expenses in the other. I hope that these questions stimulate interesting discussion.

35.7.2 Integration of geo-spatial displays with other
forms of display

In his section on future directions, Few mentions areas that offer the potential for
enrichment including the integration of geo-spatial displays with other forms of
display for seamless interaction and simultaneous use. Several researchers have
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made advances in this area. For example, the micromap designs of Dan Carr [1]
and [2] add a geographic context to statistical information, allowing for the joint
exploration of statistical and geographic patterns in data. As illustrated in Figure
2, statistical graphics, here dots, are linked to small maps by color. In the first row,
we can see that Maryland is represented by red dots and so Maryland is shaded
red on the right-hand map. Sorting by poverty level, we see that not only are pov-
erty and education inversely related, but that there is a geographic clustering of
southern U.S. states by these variables.

Poverty and Education in Southern U.S. States, 2000
Southern Percent Lvng Below Percent Adults With Micromaps
States Foverty Level 4+ Years of College Sorted by Poverty
@Mayand (@ o
O Delaware Q Q
@ Vignia O o
@ North Carolina Q
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@ Tennessee
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Ficure 35.2: An example of a micromap design from Carr and Pickle [1].

Copyright © Taylor and Francis. All Rights Reserved. Reproduced with permission. See section “Excep-
tions” in the copyright terms.
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35.7.3 Where to Learn More

Data visualization does not belong to a single academic discipline. Statisticians,
computer scientists, psychologists, graphic designers and others practice and
contribute to data visualization. The university programs and resources that Few
mentions lean heavily towards computer science. A few excellent programs join-
ing statistical graphics with computer science are available at George Mason Uni-
versity, lowa State, and the University of Augsburg. There are many others. I will
leave it to other commentators to add excellent programs in cognitive psychology
and graphic design. The Journal of Computational and Graphical Statistics, a joint
publication of the American Statistical Association, the Institute of Mathemati-
cal Statistics and the Interface Foundation of North America is another academic
journal on the topic. The Statistical Computing Statistical Graphics Newsletter
(SCGN) is another informal publication. Although the Joint Statistical Meetings
are not exclusively devoted to statistical graphics and data visualization, there are
as many sessions sponsored by the Statistical Graphics Section as many a smaller
conference contains.

One addition I would make to the “what’s needed” list is better communica-
tion between the computer scientists, graphic designers, psychologists and statis-
ticians. More joint conferences and attending each other’s conferences would help

each discipline benefit from the research of the others.

35.7.4 References
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35.8.1 Metaphors and Interaction

One important topic Stephen Few only mentions briefly in his very well-written and
comprehensive piece is interaction. While static charts and visualizations are un-
doubtedly useful, they make little use of the immense computing power that is readily
available to us today. Interaction in visualization enables the fast exploration and dis-
covery of data patterns that the user may not even have expected. It is also possible to
reduce the amount of data shown at the same time, providing clearer visualizations,
while still giving the user the option to get that information on demand at any time.

Ben Shneiderman captured the role of interaction in his famous visual in-
formation seeking mantra (Shneiderman, 1996): overview first, zoom and filter,
then details on demand. Abstract information spaces require an overview so the
user has an idea where to even find data, but then it is necessary to zoom in to
see details. Filtering data is important when dealing with larger datasets. Finally,
details on what is shown (and also what is not shown) can be retrieved by the user
as needed. All of these steps require interaction, where the user tells the visualiza-
tion what he or she wants to see.

35.8.2 Simple Interactions

Among the simplest interactions are tooltips or other data displays that appear
when the user points at a part of a visualization. Take the causes of death bar
chart in Few’s article above: the numbers could be shown purely on demand, per-
haps including not just percentage but total number. Also, a vertical line could be
drawn from the end of the active bar to the scale at the top, to make it easier to see
the bars in context.

This type of interaction is effortless and easy to discover: just move your mouse
over the display and see if anything happens. Displaying numbers in charts is also
rather common. But the real power comes from the more advanced interactions.
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35.8.3 Linking and Brushing

Brushing lets the user selects data points that get highlighted in one or more
views of the same data. When several views are involved, the fact that all of them
highlight the same data points is commonly referred to as linking (and the views
are called coordinated multiple views). Consider this example of linked bar charts
of data about passengers on the Titanic. Each bar chart represents one data di-
mension (class, gender, age, and survived), and shows a histogram of how many
people were in each of the categories.

BarchartiSurvived) Barchart(Age)

Mo | Adult [

Yes | Child I:I

Barchart{Class) Barchart(Sex)

2ve |

3rd [ |

Crew [ |

FIGURE 35.1

Courtesy of Robert Kosara. Copyright status: Unknown (pending investigation). See section “Exceptions”
in the copyright terms.

To find out how many people survived in each category, we will select the relevant
bar, which will brush those data points in all the views. We can now compare sur-
vival rates for different sexes, classes, etc. by looking at how much of their respec-
tive bars is highlighted.
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FIGURE 35.2

Courtesy of Robert Kosara. Copyright status: Unknown (pending investigation). See section “Exceptions”
in the copyright terms.

The mechanism is very similar for individual data points rather than summary
data like in this example. Brushing and linking make it possible to find out high-
dimensional relationships in the data by trying out different possibilities.

35.8.4 Metaphors and Structure

Metaphors have a somewhat complicated history in visualization. There is not
even a clear understanding what a metaphor even is: many people talk about vi-
sual metaphors when they mean different ways of depicting data, but others use
them specifically for somewhat embellished visualizations (flowers growing to

represent traffic in chat rooms, etc.).

What | want to add here is a combination of both, perhaps best summarized

as structure: how do the relationships between elements in the visualization influ-
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ence how people read the data? Caroline Ziemkiewicz and | have done work on
this topic, and have found that the big-picture structure plays a bigger role than
most people would assume.

When comparing different types of tree visualizations, we found that differ-
ent studies had come to different conclusions as to which method works better
based on which metaphor was used in the question: A being contained in B, or A
being below B in the hierarchy. We did a study and found that there was, indeed, a
compatibility effect between the linguistic metaphor used in the question and the
visual metaphor of the visualization (Ziemkiewicz and Kosara, 2008).

We recently showed that there is an apparent effect of gravity between ob-
jects in a visualization that can distort the perception of distance (Ziemkiewicz
and Kosara, 2010).

35.8.5 The Future

While we know a lot about how to create reasonable visualizations, there is still a
lot we do not know or are not yet aware of. Even seemingly basic knowledge like
how the layout of a visualization influences our reading of the data still needs more
work to be understood and turned into useful recommendations and best practices.

Interaction is not exactly a new topic in visualization research, but is still
rather rudimentary in many visualization and charting programs. To really unlock
the power of visualization, these programs will need more advanced capabilities
as well as ways to educate their users about their interactive features. Visualiza-
tion has a lot more to offer than what most people are aware of today.
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