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Abstract

Research in several areas provides scientific guidance for
use of graphical encoding to convey information in an in-
formation visualization display. By graphical encoding we
mean the use of visual display elements such as icon color,
shape, size, or position to convey information about
objects represented by the icons. Literature offers incon-
clusive and often conflicting viewpoints, including the
suggestion that the effectiveness of a graphical encoding
depends on the type of data represented.  Our empirical
study suggests that the nature of the users’ perceptual task
is more indicative of the effectiveness of a graphical
encoding than the type of data represented.

1. Overview of Perceptual Issues

 In producing a design to visualize search results for a
digital library called Envision [12, 13, 19], we found that
choosing graphical devices and document attributes to be
encoded with each graphical device is a surprisingly difficult
task. By graphical devices we mean those visual display
elements (e.g., icon color hue, color saturation, flash rate,
shape, size, alphanumeric identifiers, position, etc.) used to
convey encoded information. Providing access to
graphically encoded information requires attention to a range
of human cognitive activities, explored by researchers under
at least three rubrics: psychophysics of visual search and
identification tasks, graphical perception, and graphical
language development. Research in these areas provides
scientific guidance for design and evaluation of graphical
encoding that might otherwise be reduced to opinion and
personal taste. Because of space limits, we discuss here
only a small portion of the research on graphical encoding
that has been conducted.   Additional information is in [20].
Ware [29] provides a broader review of perceptual issues
pertaining to information visualization.

 Especially useful for designers are rankings by effec-
tiveness of various graphical devices in communicating
different types of data (e.g., nominal, ordinal, or quantita-

tive). Christ [6] provides such rankings in the context of
visual search and identification tasks and provides some
empirical evidence to support his findings. Mackinlay [17]
suggests rankings of graphical devices for conveying nomi-
nal, ordinal, and quantitative data in the context of graphical
language design, but these rankings have not been
empirically validated [personal communication]. Cleveland
and McGill [8, 9] have empirically validated their ranking
of graphical devices for quantitative data. The rankings
suggested by Christ, Mackinlay, and Cleveland and McGill
are not the same, while other literature offers more conflict-
ing viewpoints, suggesting the need for further research.

1.1 Visual Search and Identification Tasks

 Psychophysics is a branch of psychology concerned with
the "relationship between characteristics of physical stimuli
and the psychological experience they produce" [28].  Stud-
ies in the psychophysics of visual search and identification
tasks have roots in signal detection theory pertaining to air
traffic control, process control, and cockpit displays. These
studies suggest rankings of graphical devices [6, 7] described
later in this paper and point out significant perceptual
interactions among graphical devices used in multidimen-
sional displays. Visual search tasks require visual scanning
to locate one or more targets [6, 7, 31]. With a scatterplot-
like display (sometimes known as a starfield display [1]),
users perform a visual search task when they scan the
display to determine the presence of one or more symbols
meeting some specific criterion and to locate those symbols
if present. For identification tasks, users go beyond visual
search to report semantic data about symbols of interest,
typically by answering true/false questions or by noting
facts about encoded data [6, 7]. Measures of display
effectiveness for visual search and identification tasks in-
clude time, accuracy, and cognitive workload. A more thor-
ough introduction to signal detection theory may be found
in Wickens’ book [31].

 Issues involved in studies that influenced the Envision
design are complex and findings are sometimes contradic-
tory. Following is a representative overview, but many im-
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portant details are necessarily omitted due to space limita-
tions.

1.1.1 Unidimensional Displays. For unidimen-
sional displays — those involving a single graphical code
— Christ’s [6, 7] meta-analysis of 42 prior studies
suggests the following ranking of graphical devices by
effectiveness: color, size, brightness or alphanumeric, and
shape. Other studies confirm that color is the most ef-
fective graphical device for reducing display search time [7,
14, 25] but find it followed by shape and then letters or
digits [7]. Benefits of color-coding increase for high-density
displays [15, 16], but using shapes too similar to one
another actually increases search time [22].

For identification tasks measuring accuracy with uni-
dimensional displays, Christ’s work [6, 7] suggests the fol-
lowing ranking of graphical devices by effectiveness: alpha-
numeric, color, brightness, size, and shape. In a later study,
Christ found that digits gave the most accurate results but
that color, letters, and familiar geometric shapes all pro-
duced equal results with experienced subjects [7]. However,
Jubis [14] found that shape codes yielded faster mean
reaction times than color codes, while Kopala [15] found
no significant difference among codes for identification
tasks.

 1.1.2 Multidimensional Displays.  For
multidimensional displays — those using multiple
graphical devices combined in one visual object to encode
several pieces of information — codes may be either
redundant or non-redundant. A redundant code using color
and shape to encode the same information yields average
search speeds even faster than non-redundant color or shape
encoding [7]. Used redundantly with other codes, color
yields faster results than shape, and either color or shape is
superior as a redundant code to both letters and digits [7].
Jubis [14] confirms that a redundant code involving both
color and shape is superior to shape coding but is
approximately equal to non-redundant color-coding. For
difficult tasks, using redundant color-coding may
significantly reduce reaction time and increase accuracy
[15]. Benefits of redundant color-coding increase as displays
become more cluttered or complex [15].

1.1.3 Interactions Among Graphical Devices .
Significant interactions among graphical devices compli-
cate design for multidimensional displays. Color-coding in-
terferes with all achromatic codes, reducing accuracy by as
much as 43% [6]. Indeed, Luder [16] suggests that color
has such cognitive dominance that it should only be used
to encode the most important data and in situations where
dependence on color-coding does not increase risk. While
we found no supporting empirical evidence, we believe size
and shape interact, causing the shape of very small objects
to be perceived less accurately.

1.1.4 Ranges of Graphical Devices. The number
of instances of each graphical device (e.g., how many
colors or shapes are used in the code) is significant because

it limits the range or number of values encoded using that
device [3]. The conservative recommendation is to use only
five or six distinct colors or shapes [3, 7, 27, 31].
However, some research suggests that 10 [3] to 18 [24]
colors may be used for search tasks.

1.1.5 Integration vs. Non-integration Tasks.
Later research has focused on how humans extract informa-
tion from a multidimensional display to perform both
integration and non-integration tasks [4, 26, 27]. An
integration task uses information encoded non-redundantly
with two or more graphical devices to reach a single decision
or action, while a non-integration task bases decisions or
actions on information encoded in only one graphical device.
Studies [4, 30] provide evidence that object displays, in
which multiple visual attributes of a single object present
information about multiple characteristics, facilitate
integration tasks, especially where multiple graphical
encodings all convey information relevant to the task at
hand. However, object displays hinder non-integration tasks,
as additional effort is required to filter out unwanted informa-
tion communicated by the objects.

1.2 Graphical Perception

Graphical perception is “the visual decoding of the quan-
titative and qualitative information encoded on graphs,”
where visual decoding means “instantaneous perception of
the visual field that comes without apparent mental effort”
[9, p. 828]. Cleveland and McGill studied the perception of
quantitative data such as “numerical values of a vari-
able...that are not highly discrete...” [9, p. 828]. They have
identified and empirically validated a ranking of graphical
devices for displaying quantitative data, ordered as follows
from most to least accurately perceived [9, p. 830]: Position
along a common scale; Position on identical but non-aligned
scales; Length; Angle or Slope; Area; Volume, Density,
and/or Color saturation; Color hue.

1.3 Graphical Language Development

Graphical language development is based on the assertion
that graphical devices communicate information equivalent
to sentences [17] and thus call for attention to appropriate
use of each graphical device. In his discussion of graphical
languages, Mackinlay [17] suggests three different rankings
of the effectiveness of various graphical devices in
communicating quantitative (numerical), ordinal (ranked),
and nominal (non-ordinal textual) data about objects.
Although based on psychophysical and graphical perception
research, Mackinlay's rankings have not been experimentally
validated [personal communication].

1.4 Observations on Prior Research

These studies make it clear that no single graphical device
works equally well for all users, nor does any presentation
work well for all purposes. Thus, the challenge for a user
interface designer is to choose graphical devices to support
the range of tasks users are likely to perform with an appli-
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cation, while also supporting individual differences of the
user population. The following section discusses our use of
the Envision digital library in an empirical evaluation of
the effectiveness of graphical encodings using icon color,
shape, and size to convey nominal and quantitative
information.

2. Test Bed: Envision

 Named after Tufte’s book [26], Envision [19, 20, 21] is
a multimedia digital library of computer science literature,
with full-text searching and full-content retrieval capabili-
ties, serving computer science researchers, teachers, and
students at all levels of expertise. Envision’s Graphic View
Window (see Figure 1), presents each document in a search
result set graphically as an icon, with relevance ranking
numbers shown as labels below the icons. The Graphic
View resembles a number of other designs that use
starfields [1] or other scatterplot-like displays for
visualization of non-hierarchical data — including Bead [5],
FilmFinder [1], and SemNet [10]. The Graphic View
supports users in making decisions about which works to
examine in potentially large sets of documents. The
Envision user interface design has been subjected to exten-
sive formative usability evaluation, detailed in [19, 20,
21].

2.1 Graphical Devices Used in Visualization

  Because  users’ perceptual  strengths vary and users’ deci-
sion criteria reflect their current information needs, each
graphical  device  in  the  Graphic  View is user-con-
trollable to represent different document attributes as a user
desires. In Figure 1, the shape of each icon encodes
document  type (e.g., book, journal article, or proceedings
article).  Icon color encodes document relevance to the
query, with bright gold for the most relevant, green for
medium relevance, and pale blue for least relevant. Icon size
is not used as a code in this example. A legend is at the top
of the window, so users need not rely on memory in using
the codes. Controls, which are part of the legend, allow
users to change the graphical encoding on the fly.

2.2 Tasks Performed with the Graphic View

With Envision, users perform visual search tasks when they
try to determine if a document icon meeting a specific
requirement is present in the display; success is possible
only if that requirement is represented by one of the graphi-
cal devices (e.g., icon position on an axis, icon color, etc.).   

Figure 1. Envision  Graphic View  search result display.
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Identification tasks are performed when a graphical device
communicates nominal data such as document type about  
documents in the Graphic View and an Envision user
attempts to locate documents of a particular type. Envision
users perform graphical perception tasks when making
comparative quantitative judgments about two documents
based on icon attributes after those icons are located, as
well as when accessing detailed information from the
Graphic View about a specific document once its icon is
located.

2.3 Icon Design Constraints

Our review of psychophysics and graphical perception
suggests that some graphical devices produce slower re-
sponse times and more errors when used to encode a par-
ticular data type (e.g., icon shape to show relevance or icon
size to show document type). Accordingly, these visualiza-
tions were not originally planned for Envision. However,
because a primary purpose of this research was to test such
assumptions, those visualizations were included in the
study. For encodings expected to perform poorly, we tried
to devise the most effective code possible for use in the
experiment, and we implemented these designs in a special
version of the Envision client. Encodings in this group in-
clude use of icon shape to encode relevance and use of icon
size to encode document type.

  We used only three instances of each graphical device
(e.g., 3 colors, 3 shapes, 3 sizes) because of the need to
maintain discriminability among the individual instances of
each graphical device when it represented nominal data (i.e.,
document type). The Envision design limits the maximum
size of icons in order to maximize the number of icons that
may be displayed simultaneously, supporting the goal of
allowing users to perceive patterns in the collections and
results set. The minimum size of icons is also limited by
the need to allow colors and shapes of icons to be accu-
rately perceived. Within these size limits, we observed that
only three icon sizes could be readily distinguished. To
avoid confounding due to variations in the number of
instances comprising each graphical code, we also limited
our color and shape codes to three instances each. Of
necessity, therefore, icon color was limited to three colors
to convey document type and three colors to convey
document relevance, while icon shape was limited to three
shapes to convey document type and three shapes to convey
document relevance.

We also applied several other constraints to icon design,
chiefly to avoid confounding by use of other graphical de-
vices sometimes used in codes (e.g., orientation, texture,
etc.). First, when size is uncoded, all icons for a shape code
were required to be approximately the same area. When size
is coded, all icons for a given size category (e.g., small,
medium, or large) were required to be approximately the
same area, though some variance was allowed because of
differences in perceived area of various shapes. For exam-
ple, if icon size conveys document type and icon shape

conveys relevance, it is possible to have three sizes of each
shape. Second, all icons were required to have a true verti-
cal orientation, rather than allowing various degrees of
slanting. A separate empirical study detailed in [20]
confirmed the equal discriminability of the graphical codes
used for the study described below.

3. Experimental Design

 Using the Envision Graphic View, we conducted a
within-subjects empirical investigation of the effectiveness
of three graphical devices — icon size, icon shape, and icon
color — in communicating nominal (document type) and
quantitative (document relevance) data. We chose these
graphical devices because of their widespread use and ex-
pected power in communication, combined with the uncer-
tainty of their actual impact. We also wanted to work with
graphical devices that can be combined in multi-
dimenisional encoding. We used three experimental levels
(i.e., representing nominal or quantitative data, or uncoded)
for each of the three factors (e.g., color, size, and shape).
Results for unidimensional and redundant encodings are
below; results for the multi-dimensional non-redundant
encodings are detailed in [20].

  Participants were 20 graduate and undergraduate students
at Virginia Tech and were evenly divided between men and
women. They were also of varying races, nationalities, and
academic disciplines.  The recruiting message stipulated
that participants would be self-reported to have normal or
corrected-to-normal vision and normal color vision. How-
ever, we accepted one participant who volunteered the
information that he had amblyopia (i.e., lazy eye). We also
accepted one participant who said that he had a learning
disability affecting use of symbols. We chose to accept
these two participants because both were successful stu-
dents and we believed their limitations existed in the En-
vision user community, so including them met our
commitment to “real world” conditions. Each trial
presented a search result display captured from Envision.
Each subject was asked to count the icons representing
documents that met given conditions, where the
information about those conditions was graphically encoded
in the display.

  Throughout the experiment, the x-axis showed publica-
tion year (quantitative data) and the y-axis showed index
terms (nominal data). Tasks for the experiment did not
require use of either position encoding.  Even though we
did not use tasks requiring use of position encoding, this
context was included because such context information is
inherent in the Envision user interface, as it is in other
complex visualization displays. Similarly, no tasks
required use of icon labels, though these are always present
in Envision. Typically, Envision icon labels show
document relevance rank. To avoid confounding because of
this possible redundancy with other relevance encoding,
icon labels showed Envision document ID for all trials.
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  Trials were divided between training and measured trials.
Because a given combination of graphical encodings may
present multiple options for information extraction (e.g.,
using a single code out of several presented or some
combination of the codes), tasks were balanced among the
options, thus enabling us to study interaction of codes with
one another. Objective measures were accuracy and time for
task completion. Subjects were also asked to rate each
condition for cognitive difficulty and for desirability as an
information source.

4. Data Analysis and Results

  Dependent variables were time for task completion and
error rate. For time to task completion, we performed sepa-
rate analyses of variance for each of two groups of experi-
mental conditions: conditions 1-7, encoding only document
type in the icon design; and conditions 8-14, encoding only
relevance. For each group of conditions, we began with a
repeated-measures one-way ANOVA, which was significant
at the 0.0001 level in each case, even after reduction of de-
grees of freedom according to the Huynh-Feldt criterion.

  Technically, multiple range tests to determine all pair-
wise differences should also employ reduced degrees of
freedom, but in our analyses the degrees of freedom had
very little effect on critical values. Accordingly, instead of
reducing the degrees of freedom, we employed the more
rigorous approach of using Tukey’s Honestly Significant
Difference (HSD) test [23] at the 1% level of significance.
For each group of test conditions, this multiple range
procedure tests each pair of means for equality, while
allowing only a 1% chance of Type I error in the entire
collection of pairwise comparisons.

  For nominal data, with the risk of Type I error at 1%
(alpha = 0.01), Tukey’s HSD test showed all four codes
involving color to require similar mean times to task
completion but to be significantly faster than the mean
times for all codes not involving color. The color code
alone produced the fastest mean time, followed by the
redundant code with both color and size as type, then the
triply redundant code for type, and last the redundant code
with both color and shape as type, though the differences
among these four were not statistically significant. The
remaining three codes were ordered with the redundant code
using both shape and size as type first, followed by size as
type, with shape as type last, though again the difference
among these three was not significant.

  For quantitative data analyzed in like manner, Tukey’s
HSD test produced three groupings by effectiveness, with
the significantly faster first group again including all codes
involving color and the slower second group consisting of
both codes using shape but not color. Surprisingly, the
third group contained only the unidimensional code using
size, which produced faster results than shape among codes
conveying document type.

  The ordering of these groups was slightly different from
that for the type codes. In the first group, the fastest mean

time was from the redundant code with both color and size
as relevance, followed by the code with color alone as rele-
vance, then the redundant code with both color and shape as
relevance, with the triply redundant code fourth, though
differences among these mean times were not significant.
In the second group, the code with shape alone as relevance
led, followed by the redundant code with both shape and
size as relevance, and the code with size alone as relevance
was last.

  For both unidimensional and redundantly encoded con-
ditions, error rate was the proportion of trials in which the
participant gave an incorrect answer in 12 trials for one
experimental condition (i.e., the possible error rates were
0/12, 1/12,…12/12). Error rate was not continuous nor
was it normally distributed, because many participants
made no errors in a majority of conditions, so that analysis
of variance was not possible.

  As we did for measurements of mean time to task com-
pletion, we analyzed these measurements of error frequency
in two groups: one group for all seven conditions
representing only document type and one group for all
seven conditions representing only document relevance. We
began analysis with a Chi Square test for each group of
proportions to determine whether the proportions were
equal across the group. For the seven codes conveying only
document type, the Chi Square test showed a significant
difference in error frequency among the codes (p = 0.001).
We then moved to Fisher’s Exact Test with risk of Type I
error at 1%. Fisher’s Exact Test calculates the probability
that two proportions differ by chance. We then used
Fisher’s Exact Test to establish the groupings shown be-
low. Note that in these tests, there is a 1% risk of Type I
error in each comparison, unlike the Tukey HSD Test,
which distributes the risk of Type I error across all com-
parisons.

  The ranking by error frequency of unidimensional
graphical codes conveying type, established by Fisher’s
Exact Test, is as follows:

Color  Shape  Size
  For redundant two- and three-dimensional codes con-

veying document relevance, the ranking produced is
Color&Shape  Color&Size  Color&Shape&Size < Shape

 We analyzed data for conditions with quantitative data in
like manner. For unidimensional codes conveying docu-
ment relevance, the ranking by error frequency is

Color < Shape  Size

For redundant two- and three-dimensional codes con-
veying document relevance, the ranking produced is

Color&Shape  Color&Size  Color&Shape&Size < Shape&Size

We compared the proportion of errors for all redundant
codes conveying document relevance to that for all non-
redundant codes conveying document relevance. The result
showed a significant benefit to redundant codes (p =
0.00000369).
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4.1 Rankings for Codes Conveying Nominal
Data

We produced two rankings for codes conveying document
type (nominal data) in the course of this analysis, one by
mean time to task completion and the other by frequency of
errors during trials.

These rankings, along with Mackinlay’s [17] and
Christ’s [7], are shown in Table 1. Columns to the left of
the vertical bar show rankings obtained from these studies;
those to the right are rankings from other studies. In
comparing these rankings, we note that we use color as a
single icon attribute, as does Christ. Mackinlay, on the
other hand, separates color into three icon attributes: hue,
saturation, and density, or relative darkness on a gray-scale.
In Mackinlay’s rankings, each of these three icon attributes
associated with color ranked ahead of shape and size.

Table 1 — Rankings for codes conveying
nominal data

Time  Errors  Mackinlay Christ
Christ
Ident.

Color 1 1 1 1 1
Shape 3 2 2 3 3
Size 2 3 3 2 2

  Our rankings by error frequency correspond exactly to
those of Mackinlay. Our ranking by mean time to task
completion corresponds exactly to Christ’s rankings by
time for visual search tasks and by accuracy for identifica-
tion tasks, while our ranking by time (and Christ’s) agrees
only partially with our rankings by error frequency (and
Mackinlay’s). Thus, we find that color is ranked as the
most effective graphical device for conveying nominal data,
across all rankings shown. The ordering of shape and size,
however, differs among the rankings. Ranked by error
frequency, as well as in Mackinlay’s ranking, shape ranks
second, with size third. However, both of Christ’s
measures and ours for time to task completion place size
before shape in effectiveness.

4.2 Rankings for Codes Conveying
Quantitative Data

We produced the same rankings for codes conveying
quantitative data that we produced for nominal data. These
rankings, along with those of Mackinlay [17], Christ [7],
and Cleveland and McGill [8, 9] are shown in Table 2.
Again, the vertical bar separates our results from those of
other studies. And again, in comparing these rankings, we
note that we use color as a single icon attribute, as does
Christ. Both Mackinlay and Cleveland and McGill, on the
other hand, separate color into three icon attributes: hue,
saturation, and density. In their rankings, each of these
three icon attributes associated with color ranked above
shape and size, as we show for color in the table.

Table 2. Rankings for codes conveying
quantitative data

Time Errors Christ
Search
Time

Mackinla  
y

Clevelan  
d &

McGill
Color 1 1 1 2 2
Shape 2 2 3 3 3
Size 3 3 2 1 1
  

   Our rankings by time to task completion and error fre-
quency are the same. However, our rankings do not corre-
spond exactly with those of any of Mackinlay, Christ, or
Cleveland and McGill. Mackinlay and Cleveland and
McGill agreed completely in their rankings, which suggest
size as the most effective encoding for quantitative data,
followed by color. Neither ranking suggested shape as an
appropriate encoding for quantitative data, so we show it
ranked third by both. Our rankings agree with Christ that
color is the most effective graphical device for conveying
quantitative data. However, we differ with Christ on the
ordering of shape and size, in that we consistently rank
shape as more effective than size, while Christ does the
opposite.

  The disagreement between our rankings and those of
both Mackinlay and Cleveland and McGill does not neces-
sarily signify an error in any of these rankings. Rather, we
believe the disagreement reflects a fundamental difference in
the nature of the tasks on which the rankings are based.
The graphical perception task used in the experiments by
Cleveland and McGill required making a determination
about a specific quantitative value or comparing exactly
two graphical items in a display that did not contain extra-
neous data. Our experiments, on the other hand, required
users to search a display and count only those items that
met specified criteria, among a varying number of distrac-
tors. This, we believe, is a realistic representative task that
users of large, complex visualization displays (such as En-
vision) are likely to perform. The difference in tasks used
in these experiments reflects a fundamental difficulty in
conducting empirical research of this kind: there is more
than one  way to identify a measurable task that accurately
reflects use of a graphical presentation.

  The reason our rankings differ from those of Christ is
less clear, because the tasks used in our experiments are
more similar to the visual search and counting identifica-
tion tasks he described. However, Christ’s rankings were
based on a meta-analysis of previous experiments, involv-
ing a wide variety of media. We believe the differences in
our rankings may reflect differing degrees of discrimina-
bility between our graphical codes and those of earlier
studies, including those re-analyzed by Christ. We have
found only one such study, that of Smith and Thomas [25],
that reports discriminability data. As noted in Section 2.3,
our own study of discriminability is detailed in [20].
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5. Recommendations To Designers

Mackinlay’s [17] rankings suggest that designers’ choices
of graphical devices should vary, depending on the data
represented. Cleveland and McGill [8, 9], on the other
hand, are concerned only with graphical perception, which
is, by definition, limited to quantitative data. Christ’s [6]
rankings ignore the type of data represented, focusing in-
stead on the kinds of tasks performed.

  Because variations in these choices lead to different
conclusions about which rankings are best, we believe that
the type of data represented should be less significant for
designers choosing among rankings to guide design
decisions  than two other issues, namely

• the exact nature of user tasks to be performed, and
• the most significant measure of effectiveness.

As we have seen, no one study’s ranking of graphical
devices for conveying nominal data accurately predicts
performance by all measures, though this is not the case
for codes conveying quantitative data. For quantitative data,
our rankings correlate imperfectly with those of Christ [6],
whose research is from the vantage point of psychophysics,
while our rankings differ more with those of Mackinlay
[17] and Cleveland and McGill [8, 9].

  As noted earlier, differences between our rankings and
those of both Mackinlay and Cleveland and McGill do not
necessarily imply that either is wrong. Where counting
identification tasks is required, we believe our rankings are
applicable. However, if a graphical perception task is re-
quired pertinent (e.g., where users must extract precise
quantitative data or make precise numerical comparisons
between two graphical objects), we suggest that Cleveland
and McGill, along with Mackinlay, provide better guid-
ance. We also note that one encoding may yield faster re-
sults than another but still be deemed more difficult to use
and thus less likely to be used (see [20]). Thus, user pref-
erence may dictate choice of graphical devices where ob-
jective measures of performance alone are not the critical
determinants of effectiveness.

  Some designers are reluctant to use color codes, because
of variability in computer displays and concern about color-
impaired users. However, the power of color codes to
improve both accuracy and speed of performance leads us to
suggest that color codes should be used. The issue of com-
puter display variability is a difficult one. One option is to
allow users to select colors for themselves, but we also
know research is underway to develop software tools that
allow users to calibrate monitors so that colors displayed
are true to originals, except where deviation is triggered to
support user color impairments. Meanwhile, by treating
color as a single variable, we believe it is possible to
choose codes of a few colors (3-5) that can be distinguished
by value alone, so that color-impaired users can perceive
differences. We also believe it is appropriate to combine
color with redundant use of another code, such as shape or
texture, both to support color-impaired users and to
improve results when the images must be printed on a

monochrome or grayscale printer, or color printouts are
subject to photocopying. We note that redundant encoding
offers the additional advantage of improving accuracy.

  Because decisions about every detail of graphical code
design impact user performance, from the exact size of
icons to barely perceptible variations in color attributes, we
recommend that all complex information visualization dis-
plays be subject to frequent usability evaluation, exploring
every level of design decision making.

6. Summary and Future Work
 

  This study provides empirical evidence regarding the
relative effectiveness of icon color, icon shape, and icon
size in conveying both nominal and quantitative data.
While our studies consistently rank color as most effective,
the rankings differ for shape and size. For nominal data,
icon shape ranks ahead of icon size on tests of accuracy,
but the order reverses for time for task completion, which
places shape behind size. For quantitative data, we found
that encoding with icon shape is more effective than with
icon size in terms of time to task completion and accuracy.
For both nominal and quantitative data, we found signifi-
cantly greater accuracy in responses when redundant codes
are used. However, we conclude that the nature of tasks
performed and the relative importance of measures of ef-
fectiveness are more significant than the type of data repre-
sented for designers choosing among rankings.

  Further studies of this type are needed to empirically
compare effectiveness of other graphical devices suggested
by authors such as Christ [6], Cleveland and McGill [8, 9],
and Mackinlay [17]. Other graphical devices that might be
studied include texture, flash rate, letters and digits, and
orientation or angle, etc. It also seems worthwhile to con-
firm the effectiveness of position encoding in the context
of information visualization displays.

  Additional studies are needed to determine the number of
graphical devices that can be used simultaneously — that
is, to determine how many non-redundant codes users can
process at once to extract information. Usability evaluation
of Envision has shown user success in integrating and
filtering information from three-dimensional codes, where
color and icon label redundantly represent relevance, and the
x- and y-axes convey different document attributes, such as
author name and publication year.

  The range of further empirical studies in this area is
virtually limitless. Such research will continue to produce
results that inform the design of information visualization
systems by empirically derived guidelines, rather than per-
sonal opinion.

  Although we used a digital library as the test bed for
experimentation, results are pertinent to any complex in-
formation visualization display involving large quantities
of nominal and quantitative data, including weather dis-
plays, command and control information displays, air traf-
fic control displays, and other target acquisition systems.
Information regarding effectiveness of graphical devices is
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broadly applicable to designers of statistical graphs and
iconic displays in determining how to present data to users.
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