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Resear ch Abstract

Many real world datasets involve the integration of spatial and multidimensional data. Users can
gain insight into these datasets using information visualizations. One aspect of the visualization
design space for integrating these data types is a choice of when to use a single integrated view
and when to use multiple views. Because of the many tradeoffs involved with this design
decision it is not always clear which design to use. Additionally, as the cost of display
technologies continues to decrease high resolution displays are increasingly being used for
visualization. In the past, the scalability of different visualization designs has been limited by
the size and corresponding resolution of the display technology. As the technological limitations
lessen and more information can be displayed, consideration of human limitations becomes
increasingly critical.

The purpose of this research is to compare the different information visualization designs for
integrating spatial and multidimensional data in terms of their visua scalability for high
resolution displays. Toward this goal the design space was articulated and, to establish a
baseline, user performance with an integrated view and multiple views was compared using low
resolution displays. The proposed work deals specifically with visualizing geospatially-
referenced multidimensional time-series data on high resolution displays. We consider
(analytically and empirically) the visual scalability of integrated and multiple views. We aso
consider the benefits of combining these designs and adding a separate view of the
multidimensional data on high resolution displays. The end product of this work will be design
guidelines for visualizing datasets with spatial and multidimensional information on high
resolution displays based on empirical evaluation of user performance.
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1 Introduction

1.1 Motivation

Geospatia intelligence analysts, epidemiologists, and biologists all share a common problem.
They are all faced with trying to understand potentially massive datasets that involve integrating
gpatia and multidimensional data. The intelligence analyst [2] must integrate information about
physical structures such as buildings and bridges, location and numbers of enemy forces, weather
patterns, and various information related to specific geographic locations. The epidemiologist
tries to find the cause of outbreaks of diseases using weather fronts, medical data, and
absenteeism across a geographic location [49]. The biologist must consider the relationship
between a biological pathway and various experimental results [68].

Information visualizations can be used to help gain insight when integrating the types of
information described, but designing these visuaizations is a challenge. One aspect of the
design space for integrating spatial and multidimensional data, and a difficult design decision, is
the question of how many distinct views of the information to present. The integrated view
approach [41] emphasizes the advantage of overlaying information, while the multiple views
[76] approach can either emphasizes the advantage of simplifying complex views or combining
different perspectives of the information. There are a number of other tradeoffs involved with
this design decision [8] that make it unclear how much of each design to apply.

As the cost of display technologies decrease and the size of datasets increase, information
visualizations are increasingly being viewed using high resolution displays (Figure 1) [43, 66].
In the past, desktop displays have imposed scalability limits on visualization designs that are
being decreased using these displays. As more information can be displayed, consideration of
human limitations becomes increasingly important. The purpose of this research is to determine
the visual scalability [32] of the integrated and multiple view design approaches for integrating
gpatial and multidimensional data types as we move to high resolution displays.

Figurel. AT&T'sLargeWall Display with Multiple Views of Information. (Picture from[1])
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Figure2. ThePrimary Design Dimension. (a) Structure-centric design using color, height, and density and (b)
Attribute-centric design using color in different views. (Pictures from [40] and [19])

1.2 The Design Space

An important first step toward understanding the tradeoffs involved with using integrated and
multiple views is to layout the design space for integrating spatial and multidimensional data
types. There are two dimensions in the design space. The primary dimension is related to the
distribution of data attributes. The end points of this dimension are the structure-centric design
and the attribute centric design. Structure-centric means overlaying all of the multidimensional
data onto a single spatial structure, typically using glyphs (Figure 2(a)). This is what we will
refer to as an integrated visualization. Attribute-centric means displaying each attribute of the
multidimensional data on a separate structure (Figure 2 (b)).

The second design dimension is based on the multidimensional data. When the spatial structure
and the multidimensional data are kept separate, thisis a Data type-centric design (Figure 3(b)).
While there is a continuum from structure-centric (one view for al attributes) to attribute-centric
(a view for each attribute), the data type-centric design can be applied anywhere within the
primary design dimension.

The term “multiple views’ is overloaded in general and hard to define. The attribute-centric
design, the data type-centric design, and linking designs are all really multiple views. The
difference is that attribute-centric refers to very simple views with a single attribute displayed in
each view, data type-centric refers to the addition of a separate multidimensional visualization,
and linking views refers to combining any or all of the designs (Figure 3).

(a) Attribute-centric (b) Data type-centric (c) Linked designs

Figure 3. The Overloaded M eaning of M ultiple View Visualizations. Each of these designsis different, but
could still be considered a multiple view visualization. The terms used for each are shown below their image.



Table 1. Differenceswithin the Primary Design Dimension

Structure-Centric Attribute-Centric

Approach One structure with Multiple structures with

multiple attributes asingle attribute
L ocation of Compl exity Glyphs/visual encoding Number of views
Visual Encodings Limited Can be re-used
Sizeof View Full display size Display size/ # of views
Other I nformation Needed | Legend to describes glyphs Legend for visual encoding,

Each view needs labeled

1.3 Design Tradeoffs

Within the design space for integrating spatial and multidimensional data there are many
tradeoffs to consider. Some of the basic differences between the design approaches in the
primary design dimension include the location of the complexity in the visualization design, the
visual features available to encode data attributes, the size of the individua views, and variations
in the type and amount of additional information that needs to be displayed to understand the
overal visualization. A summary of these issues can be found Table 1. The basic differencesin
the structure and attribute-centric designs result in different strengths and weaknesses that will
impact different types of tasks. These basic user-centered tradeoffs are shown in Table 2.

Table 2. Tradeoffswithin the Primary Design Dimension

Structure-Centric Attribute-Centric
+ Thereisonly one structurein which to find a | - Must determine which structure shows the
location specific attribute
+ If visual encoding is good, attributes are - Need to consider attributes across structures
aready visually combined at a specific location
- Other attributes represented at that same + No interference from other attributesin the
location may interfere same location
- As more attributes are added visua encodings | + Visua encoding remains perceptually salient
become less perceptually salient despite additional attributes

There are aso tradeoffs related to the second design dimension. When the multidimensional
datais displayed in a different view the complexity comes from linking the spatial structure and
the attributes. Therefore, the disadvantage with this design is that none of the attributes are
displayed directly on the structure. The advantage is that a multidimensiona visualization
technique can be used to show the relationship between multiple data attributes.

1.4 Limitations

It is important to note the restrictions to the scope of thiswork. Thiswork is limited to asingle
user; it is not considering collaboration. The data consists of a single undistorted geographic
structure with multidimensional data. All visualizations will show al of the data simultaneously
and the datawill be static, not dynamic.




1.5 Research Questions

The overal research goal is to compare the visual scalability of integrated and multiple view
visualizations for high resolution displays in the context of integrating spatia and
multidimensional data. Visual scalability includes human perceptua capabilities and display
capabilities such asresolution. Towards that goal, the four main research questions are:

1. What isthevisualization design space for integrating spatial and
multidimensional data?

2. Asabaseline, which design from the primary dimension of the design space
resultsin the best performancefor specific visualization tasks on low
resolution displays?

3. How visually scalable arethe designsin the primary dimension of the design
gpace for high resolution displays?
a. Display I'ssues: Pixel Count
b. Human I ssues: Perception

4. Focusing on thecritical pointsidentified in research question three, do certain
combinations of designs (including applying the second design dimension) on
high resolution displaysimprove users performance?

1.6 Significance

Answering these research questions will help designers understand the relationship between
human capabilities and their design choice as technology moves from low to high resolution
displays. Better designs should lead to increased insight into complex datasets. Specifically, the
articulation of a design space for integrating spatial and multidimensiona data (Question 1) will
help designers understand their options. Empirical evaluations of the approaches on low and
high resolution displays will help the designer understand the relationship between human
capabilities and their design choice (Questions 2 and 3). An understanding of the visua
scalability of the approaches (Question 3) and linking different combinations of views (Question
4) will help designers move from the desktop to gigapixel displays. When designers better
understand the designs and their implications, scientists will gain more insight into their data



2 Related Work

Information visualizations are useful for providing insight into complex datasets. As the size of
these complex datasets increases, visualization designs must be able to scale appropriately. Eick
and Karr discuss and define visual scalability as, “the capability of visualization tools effectively
to display large data sets, in terms of either the number or the dimension of individual data
elements’ [32]. Beginning with the human and moving away, they include the following as
aspects of visual scalability:

human perception — perception and cognition of visual patterns

monitor resolution — physical size and pixel density of the display

visua metaphors — choice of metaphor and mapping of datato visual attributes
interactivity

data structures and algorithms

computational infrastructure

Using this framework, the proposed work is limited to the first four bullets above. Therefore,
this section begins with a discussion of relevant human perceptual issues. Next, research on
using high resolution displays is discussed. That is followed by a discussion of the visual
metaphors (visualization designs), including examples of current tools being used on desktop
displays for visualizing geospatially-referenced multidimensional data.

2.1 Human Perception

“On adaily basis, we are fooled about the extent to which we constantly make eye movements and
the extent to which these eye movements contribute to the illusion that a whole scene is
simultaneoudly in view. Some scientists refer to this phenomenon as the grand illusion of
complete perception to make the point that it is the most pervasive and fundamenta of al the
visual illusions that have been discovered so far.” «(Enns[34] p. 176)

While the grand illusion of complete perception is debatable, it demonstrates the need to
better understand how we visualy process information. Colin Ware provided a
simplified version of avisual information processing (VI1P) model (Figure 4) [79].

Figure 4. Visual Information Processing (VIP) Model [79]



2.1.1 Stage 1: Extracting Low-Level Properties

In Stage 1 in Ware’'s VIP mode neurons in the eyes are stimulated and basic visua properties
are extracted from the visual scene [79]. Three particular aspects of this stage are important to
this work. First, the relationship between the resolution of the human eye and a monitor was
used by Ware to theorize an “optimal display”. The second and third important aspects of this
stage impact glyph design. The concepts of pre-attentive processing and integral and separable
dimensions have been used in the design of glyphs.

2111 The"“Optimal Display”

We have approximately 125 million photoreceptors in each of our eyes. Of these, approximately
120 million are rods that are mainly responsible for our peripheral vision and 5 million are cones
located mostly in or near the fovea or center region of our eyes. These cones provide high visual
acuity and color vision. However, there is not a 1-to-1 mapping from photoreceptors to the
neurons that carry these signalsto our brain [79]. Ware uses the term “brain pixel” to refer to the
ganglion nerves available to carry signals from the rods and cones to our brains. These brain
pixels are not equally distributed. There are significantly more brain pixels per photoreceptor in
the fovea and |ess as the distance from the foveaincreases.

Ware states, “In light of the extreme non uniformity of brain pixels, we can talk about the visual
efficiency of adisplay screen by asking what screen size provides the best match of screen pixels
to brain pixels?’ [79]. Because there are more brain pixels in the fovea, higher-resolution
screens help fovea vision. In our periphery, there are less brain pixels than screen pixels so
additional information displayed there is not conveyed as efficiently. He uses this fact to suggest
that current monitor size is about optimal and that “a 4000x4000-pixel resolution monitor should
be adequate for any conceivable visual task.” He cites collaboration as an exception to this.

If a small high resolution display is adequate for any task, why might a large high resolution
display be beneficial to a single user? One reason is that there may not be enough pixels to
display al of the information. In this case, a high resolution display can be used to show more
information simultaneously while still maintaining context. If aggregation or elimination
techniques are used [47], the details are lost. A variety of other techniques such as zooming and
panning [13], overview + detail, or fisheye views may be used (Figure 5). These techniques
introduce a variety of problems. In the case of zooming and panning context is lost because the
surrounding area is not shown. With the overview + detail approach there is a need to switch
between views to gain context. With the fisheye approach contextual information is distorted. A
high resolution display avoids these problems to a greater extent.

(a) Focus + Context (b) Overview + Detail

Figure5. Techniquesfor Displaying Details while Maintaining Context. (Pictures from
http://www.usabilityfirst.com and Chris North’'s information visualization class dides)




21.1.2 Glyph Design

Glyphs, objects whose visual attributes (size, shape, color, etc.) represent different data
attributes, are often used to represent data in the structure-centric design approach. In stage 1in
the VIP model, the concepts of pre-attentive processing and integral and separable dimensions
have been useful when designing these glyphs. After information makes it through the
photoreceptors in our eyes and to our brain, information is held in atype of memory called iconic
memory for less than 2 seconds [82]. Rapid bottom-up parallel processing of visual information
from the environment occurs in this stage of visual processing.

Information that is pre-attentive “pops out” from the surrounding information (Figure 6).
Because eye movements take approximately 200ms to initiate, any task that can be accomplished
in less than 250ms is considered pre-attentive. This is useful for target detection and area
estimation tasks and a visualization tool exists for mapping data attributes to pre-attentive visual
features [39]. As the target to detect becomes less distinct or when conjunctive encodings are
used these features become more difficult to detect and are no longer pre-attentive. Therefore,
the scalability of this approach is limited to perhaps two data attributes.

When glyphs are used to encode multiple attributes, the concept of integral and separable
dimensions adds to glyph design by considering whether two visual encodings are perceived
holistically or separately [79]. Representing one attribute using red-green and another using
yellow-blue is integral, while representing one attribute using color and another using shape is
separable (Figure 7). This interaction between features has led to Wicken's Proximity
Compatibility Principle (PCP) [22, 81]. Integral dimensions cause interference when a single
dimension is needed, but are useful as a redundant encoding when multiple dimensions are
considered simultaneously. For separable dimensions there may be no interference, but there is
also no redundancy gain.

In general, when trying to combine visual encodings for design, there is a reasonable limit of
being able to represent about 8 distinct dimensions [79]. A variety of rules exist comparing the
relative visual salience of encodings for different types of data[24, 52].

(@)  482759042907542879542039847542
147318475437892745479858274528

(b) 48275904290754287954203984 7542
147318475437892745479858274528

Figure 6. Pre-Attentive Visual Encoding. [79]

Figure7. Integral and Separable Dimensions[79]
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2.1.2 Stages 2 and 3: Pattern Processing and User Goals

The second and third stages in Ware's VIP model are pattern processing and goal-directed
processing stages. The three most relevant aspects of these stages to this research are the
capacity of visual working memory, attentional resources, and mental models. The relevance of
each will very briefly be introduced.

2121 Working Memory

While there are many different working memory models [55], most include a central executive
that controls the flow of information, verbal working memory, and visual working memory. The
genera (and often cited) limit on working memory is 7 +/- 2 items [54]. However, it is now
known that this number is more related to verba working memory than visual working memory.
Research on visual working memory [44, 59, 77] suggests a capacity of 3-5 items, where
conjunctions of encodings can be considered a single item. The capacity limit of working
memory imposes a human scalability limit on visuaization designs, specifically for tasks that
involve comparison of individual objects.

2.1.2.2 Attention

In Section 2.1.1.1 The “Optima Display”, being able to display al information without
distortion or elimination was cited as a reason to use large high resolution displays. An
additional reason to use high resolution displays is that we often shift our attention and
visually scan the display rather than always focusing on a single location.

There are three different types of attention: selective, focused, and divided [79]. Selective
attention involves selecting the element that we wish to attend to, for multiple views this requires
deciding which of the views may be most important. It has been shown that people monitoring
several instruments were most likely to visually scan horizontally and resisted scanning
diagonaly [28]. Additionally, data that is often of interest should be placed centraly, and
information that is typically viewed sequentially should be placed close together [33, 83]. Even
if the seemingly most critical views are selected, because memory is not perfect users may forget
to look at a particular source of information if there are many views [82]. If users do not scan all
of the views when many are presented in the attribute-centric design, this is likely to result in
decreased accuracy.

Focused attention allows users to focus on one aspect of the data without being distracted by
extraneous information. If a user becomes too focused, they may have trouble dividing their
attention or they may not select appropriate information on which to focus. A potential double-
edged sword with high resolution displays is that people are more likely to look at local details
when images are large and global detail when images are small [7, 45]. If users remain close to
the display, this may increase the chances of users seeing small scale patterns, but decrease the
chance of users seeing global patterns.

Divided attention is important when more than one task is being done simultaneously. Typically,
the more attention must be focused on a single task, the worse people will be with dividing their
attention between tasks.

11



Figure 8. Focus Plus Context Screen [11]

Focus plus Context screens (Figure 8) [11] consider these shifts in attention and corresponding
eye movements yet reduce the overall cost of the display. They do this by presenting more detail
at a specific location, and less information in the periphery. While this and related techniques
[10] can certainly be less expensive than a high resolution display, some type of virtual
interaction (mouse movement, eye tracking) is needed whenever a user looks at a new area of the
screen.  For any visualization task that involves scanning the environment this is likely to be
quite inefficient.

2.1.2.3 Mental Models

A user’s mental model is also likely to play a role in what they choose to attend to and what
information they extract from the visualization. Trafton has showed that when expert
meteorol ogists are presented a series of visualizations they form a qualitative mental model of
the data and then extract quantitative information from it [75]. Research on graph
comprehension and how both novices and experts perform more complex tasks is al'so ongoing
[61]. This research is necessary since most previous research has focused on very simple tasks
and people appear to use different strategies for accomplishing ssmple and complex tasks.
Additionally, little is understood about cognitive issuesin exploratory data analysis [70].

2.2 Large High Resolution Displays

Eick and Karr [32] pointed to the size and resolution of adisplay as the current limiting factor for
the visual scalability of information visualizations. Fortunately there has been a gradual increase
in technological capability with larger, higher resolution displays becoming more affordable. As
mentioned in the Introduction, various agencies are using wall size displays: the U.S. Airforce
has a Data Wall [43], NASA hasaHyper Wall [66], and AT& T has a Display Wall [80].

A variety of research is underway on using these large high resolution displays that suggests
their benefits. Higher resolution appears to increase performance on basic visualization tasks
[9]. Other studies have shown that increases in screen size improve performance [72, 73], and

12



multiple monitor users have performance gains [26]. Increases in performance may be related to
increased immersion, as described in [17]. In addition, there are some benefits of the physical
rather than virtual navigation that is likely to occur with large high resolution displays.

One potential issue with these displays is that often they are made from atiled array of smaller
displays. While we are not investigating the impact of bezels, there are important issues related
to their presence. If bezels are used with multiple views they may act as natural boundaries, but
if they are used with integrated views data is either hidden behind them or distorted. One study
has suggested that bezels do not hurt performance across monitors but differences in depth does
[74]. Another study has suggested their usefulness in navigation [27]. It is unclear exactly how
interactions with visualizations (ex: linking views) may be affected by their presence.

2.3 Visual Metaphors

Eick and Karr define visual metaphors as “the means by which data characteristics are encoded
for visua display. Thisinvolves not only selection of a basic metaphor, such as a bar chart, but
also mapping of data attributes onto visua characteristics of the chosen metaphor, such as bar
size and color” [32]. The relevant techniques to this research (attribute-centric, structure-centric,
and data type-centric) will be described. Next, because data type-centric designs are highly
dependent on the multidimensional visualization technique, some basic multidimensional
visualization techniques will be presented. In the last section, geographic tools that fit into this
design space will be introduced.

2.3.1 Integrated and Multiple Views

As mentioned in the introduction, the integrated view approach and multiple views approach
have been given more specific names to help convey what the terms mean in this context. An
integrated view in this context refers to the structure-centric design. Multiple views can refer to
the attribute-centric design, data type-centric design, or linked designs. These structure-centric
visualization designs can take many forms. For example, there are multiple methods of
presenting structure-centric views that can be found in the information visualization literature.
These range from using various types of complex and unique glyphs to embedding visualizations
within asingle larger view [6, 64, 78]. The attribute-centric design may show each time point or
each attribute in a separate view [23]. Typicaly, designers use some combination of these
strategies [3, 58]. Snap is a tool that allows users flexibility in creating a wide range of
visualization combinations [58]. It can provide coordination between various types of views.

Although the structure-centric view approach could be considered a subset of the linked views
approach, since multiple linked views are created using individual integrated views [56], these
are typically seen as opposing design strategies. Some researchers advocate the structure-centric
approach [41], while others advocate the attribute-centric [ 76] or linked views approach [62].

There are many open issues in terms of the interaction with both visualization designs, and
information visuaizations in general. Specific to multiple views, there are various methods of
coordinating views depending on the type of data being presented [16, 35, 57, 63]. Brushing will
be the most relevant of these [12]. Brushing involves interactively selecting and highlighting
entities in one view and seeing the corresponding entities in the other views highlighted.

13



Table 3. Rulesfor When and How to Use M ultiple Views from Baldonado et al. [8]

While significant empirical research about how to design a single integrated view exists [14, 24,
79], there is a shortage of research on designing multiple view visualizations. Integrated view
visualizations can make use of Cleveland [24] and Mackinlay’s [52] rules for mapping data
attributes to visua encodings and there are automated tools to help in the design [15]. The only
high level guidelines for multiple views that we are aware of are from Baldonado et al. [8] who
provide some heuristics for deciding when and how to use multiple views. These heuristics are
presented in Table 3. Our own findings have demonstrated the need for more empirical evidence
to support their guidelines [25, 65].

2.3.2 Multidimensional Visualization Techniques

The data of interest is a combination of spatial and multidimensional data types. By spatial we
mean 2D, 3D, network, and tree as outlined in Shneiderman’s taxonomy [69]. These data types
have a natural structure. Multidimensional data visualization alone is challenging. Many
techniques have been presented for this type of visualization. Examples of multidimensional
visualization techniques include Parallel Coordinate Plots [42], Pixel Bar Charts [36], and tools
such as Table Lens [60] (Figure 9). These techniques must be considered because as mentioned
earlier, after approximately 8 attributes the glyph approach fails to create perceptually salient
visua encodings. Therefore, these multidimensional visualization can be used either as a
separate view as in the data type-centric approach or as embedded visualizations in the structure-
centric approach.

14



(a) Table Lens (b) Parallel Coordinate Plot

Figure 9. Multidimensional Visualization Techniques

2.3.3 Current Tools

Combining geospatially-referenced multidimensional information with time-series data is an
ongoing issue. In general, using dynamic interactive graphics has much potential [29]. Both the
Andrienko’s and MacEachren discuss issues related to geospatially-referenced time-series data
[4, 5, 50]. One method of adding time-series data is using a space-time cube [46]. There is
various related work in geographic information systems suggesting the real world usefulness of
linking views on low resolution displays [29-31, 37, 51]. Slocum and others discussed the
importance of understanding cognitive issues with geographic visualizations [48, 53, 70]. Tools
for this type of datainclude CommonGIS [6] and GeoVISTA Studio [71]. Examples of different
designs created using these tools are shown in Figure 10 and Figure 11.

Figure 10. Structure-Centric Linked with Parallel Coordinate Plot from GeoVISTA studio

(a) Attribute-Centric (b) Structure-Centric with Embedded Bar Charts

Figure 11. Visualizations from CommonGI S
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3 Completed Work

The purpose of this research as a whole is to determine the visual scalability of integrated and
multiple views for high resolution displays. This goal will be achieved by answering the four
research gquestions outlined in the introduction. To date, the first two research questions have
been answered. Work done to date on each of the research questions is described below.

3.1 Research Question 1: The Design Space

The first research question regarded the design space for integrating spatial and multidimensional
data. In this section, that design space is articul ated.

Resear ch Question 1.
What isthe visualization design space for integrating spatial and
multidimensional data?

3.1.1 Description of the Design Space

In this section, a design space for integrating spatial and multidimensional data is presented.
Note that many of the basic ideas are similar to a taxonomy presented in [67] and the ideas are
also related to [18]. Although this design space could be expanded, it is built on having asingle
structure that must be maintained in order to have meaning. For example, a design that
rearranges each state in the United States would not be a valid design because the spatial
relationship between states would be lost.

The design space can be seen using atriangle. The three vertices on the triangle are: structure-
centric, attribute-centric, and data type-centric. A conceptual sketch using four attributes and a
geographic map is shown in Figure 12. There is a continuum between structure-centric and
attribute-centric based on the distribution of attributes among views. This continuum runs along
the bottom edge of the triangle and is called the primary design dimension. The datatype-centric
point can be considered a second dimension of the design space, and can be applied at any point
within the primary design dimension.

Structure-centric means using the inherent structure of the spatial data (3D, 2D, tree, or network)
and overlaying the multidimensional data on that structure. Typicaly this overlaying is
accomplished using glyphs with perceptually salient visual encodings [41, 78].

Attribute-centric means displaying each attribute of the multidimensional data on a separate
structure. This design strategy is analogous to Tufte’'s concept of small multiples [76]. Time-
series data is often represented in this manner, with a separate view for each time step.

The third and final point on the triangle is data type-centric. Data type-centric means keeping
the structure and multidimensional data separate. Various methods of showing the relationships
within the multidimensional data can then be used. The relationship between the structural and
multidimensional data cannot be seen without some type of linking between views unless the
relationship to the structure is included as an attribute. For example, the x and y coordinates of a
location could be included as pieces of information in the multidimensional data space.
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Data Type-Centric
(Structure and Multidimensional Data are in Separate Views)

[ ]
<+—>
K "
. Primary Dimension
Structure-Centric Attribute-Centric
(Attributes Represented on a Single Structure) (Structure for Each Attribute)

Figure 12. The Design Space for Integrating Spatial and M ultidimensional Data. In the structure-centric
approach the four attributes are represented using color, size, density, and orientation. In the attribute-centric view,
color isthe only visual encoding and is re-used.

3.1.2 Linking Designs

The three design points described above and shown in Figure 12 form atriangle. Thereisaclear
continuum in the primary design dimension between using structure-centric with complex glyphs
and attribute-centric with ssmple encodings, but the distinctions with the data type-centric (the
secondary design dimension) may not be as clear. This design can be combined with the other
designs at any point on the continuum. Therefore, it is shown as being at a higher level in the
triangular design space. The main methods of combining the three points in the design space
are:

attribute-centric + data type-centric (multidimensional)
structure-centric + data type-centric
attribute-centric + structure-centric + data type-centric

These can be seen in Figure 13. The reason ‘multidimensional’ may be used rather than ‘data
type-centric’ is because a structure is maintained in both of the other designs. Adding a blank
structure to the other designs would not provide any additional information and would not show
information in adifferent form.
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Attribute-Centric +
Data Type-Centric

Structure-Centric + Attribute-Centric +

Data Type-Centric Structure-Centric +
Data Type-Centric

Figure 13. Linked Designs

In addition to combining designs, the interaction between and within views must also be
considered. One of the magjor advantages of computer displays is their ability to add interaction
to views that in the past may have been static. This makes interaction techniques such as
controlling animation and linking views possible. Although there are various methods of
coordinating views [58], to narrow the scope of the research, only brushing and linking is
considered (although brushing is likely to fail on large displays and new interaction techniques
may need to be developed). Depending on the characteristics of the dataset with respect to the
display size and resolution, either physical or virtual navigation of the space may occur. Some of
these issues are presented in [9], but we leave that work to others.

3.2 Research Question 2: Establishing a Baseline

The second research question was which design from the primary dimension results in the best
performance on low resolution displays. Relevant literature was described in the related work
section, including the proximity compatibility principle and heuristics for multiple view design.
To extend this line of work, three experiments were performed. A summary of each of these
experimentsis provided below.

Resear ch Question 2:

Asabaseline, which design from the primary dimension of the design space
resultsin the best performance for specific visualization tasks on low resolution
displays?
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3.2.1 Experiment 1: Multiple Simple vs. Single Complex Glyphs

This experiment was an empirical comparison of complex glyphs in a single view (structure-
centric design) and simple glyphs in multiple views (attribute-centric design) [84]. Four
attributes in a single view were compared to simple glyphs representing four attributes in four
different views. A dual-view situation was also considered. Participants performed target
detection and trend finding tasks in the context of multidimensiona glyphs overlad onto
geographic maps. Results from the target detection tasks suggest that visua encoding is a more
important factor when detecting a single attribute than the number of views. Additionally, for
detecting two attributes, the trend indicates that reusing the most perceptualy salient visual
feature in multiple views provides faster performance than an integrated view that must map one
of the attributes to a less salient feature. Further detail on this experiment can be found in the
Appendix.

Yost, B and North, C. Single Complex Glyphs Versus Multiple Simple Glyphs. in
CHI 2005 (extended abstract).

3.2.2 Experiment 2: Context Switching and Other Cognitive Factors

The purpose of this experiment was to probe the cognitive issues with using multiple view
visualizations, and to specifically consider context switching [65]. Baldonado et al. [8] cite
context switching as a reason not to use multiple views repeatedly in their paper on design
heuristics. To explore these issues, a controlled experiment was performed using different
combinations of dual view visualizations for search and pattern recognition tasks. To collect the
data psychological tests [20], logs of the participants' interaction, eye-tracking equipment, and
video recordings were used. Main findings include context switching not being as detrimental as
it may first appear, focusing attention correlating with performance, and analogical reasoning
being important for finding patterns within a single view. Further detail on this experiment can
be found in the Appendix.

Convertino, G., J. Chen, B. Yost, Y.-S. Ryu, and C. North. Exploring Context
Switching and Cognition in Dual-View Coordinated Visualizations. in Coordinated
and Multiple Views in Exploratory Visualization 2003. IEEE Computer Society.

Ryu, Y.-S., B. Yost, G. Convertino, J. Chen, and C. North. Exploring Cognitive
Strategies for Integrating Multiple-View Visuadizations. in HFES 2003. Human
Factors and Ergonomics Society. (Best Student Paper Award)

3.2.3 Experiment 3: Visual vs. Interactive Linking

The third experiment begins to consider the different types of interaction that integrated and
multiple view visuaizations afford. In this study the goal was to compare visualy linked
attributes (an integrated view) to interactively linked attributes (multiple views with brushing)
for multidimensional data without a spatial component. As in Experiment 2, a dual-view
situation was also considered. The three different methods of visualizing four data attributes
were compared across various tasks. The integrated view interface was a 3D scatter plot that
encoded the fourth attribute using color. The dua view interface used two linked 2D scatter
plots. The multiple views interface used four separate linked 1D axes. While the complexity of
the 3D interface resulted in slower task completion times, using two linked views resulted in less
accuracy. Overal, it was a bit surprising that the multiple linked 1D views condition typically
resulted in the best performance. Because distributing data attributes across views and using
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brushing and linking provides more reliable performance across a variety of user tasks than
integrating four attributes into a single 3D scatter plot, it appears that interactive brushing and
linking works well at aiding the users in cognitively integrating the data. Further detail can be
found in the Appendix.

3.2.4 Summary and Synthesis of Results

The overal goal of the three previously described experiments was to determine the design
within the primary dimension that would result in the best user performance for specific tasks on
low resolution displays. Toward answering that question, cognitive issues with the multiple
views strategy were explored, single complex (structure-centric design) and multiple simple
glyphs (attribute-centric design) were compared, and interactive and visual linking were
empirically compared. The main findings were that (1) the attribute-centric approach generally
resulted in dlightly better performance due to the use of more perceptualy salient visual
encodings, and (2) dual-view designs (hybrid designs in the middie of the primary dimension of
the design space with half of the data attributes on one structure and half on a different structure)
almost always resulted in the worst user performance.

Research Question 2:
As abaseline, which design from the primary dimension of the design space resultsin
the best performance for specific visualization tasks on low resolution displays?

Performance using attribute and structure-centric designs was similar for most tasks
Because the use of perceptually salient visual encodings resulted in better
performance than less salient visual encodings, the attribute-centric approach
appears more likely to result in better user performance

The dual-view approach almost always resulted in the worst user performance

The results are consistent with previous research. Because conjunctive encodings were used in
the structure-centric design the attributes could not be processed pre-attentively and the other
visual encodings used likely interfered with detecting both single and multiple targets.
Additionally, based on trends in the relationship finding tasks, it appears easier to mentally
integrate information from different structures each displaying a single attribute than to attend to
a select number of features in complex glyphs. It appears brushing helps the user focus their
attention in multiple views and al so increases the ability to compare values across maps.

The generalization of these resultsis limited by two factors: the use of abstract attributes, and the
small size of the datasets. Using abstract data attributes and novice users may produce very
different results than observing a geospatial intelligence analyst with domain knowledge. Even
if that is acceptable, the small size of the dataset means that all tasks have been relatively ssimple.
While increasing the resolution to answer research questions 3 and 4, larger datasets and more
complex tasks can be explored to determine if the results scale.
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4 Proposed Work

While the proposed work will involve more complex tasks and larger datasets, two additional
guestions will be explored. Specifically, how visually scalable are the approaches for high
resolution displays, and do certain combinations of designs in high resolution improve
performance. The reasoning behind these questions, hypotheses, and how they will be explored
are described below.

4.1 Research Question 3: Visual Scalability for High Resolution Displays

The third research question is how visually scalable are the designs for high resolution displays.
High resolution displays begin to shift the scalability issue from a technological limitation to a
consideration of human capabilities.

Resear ch Question 3:
How visually scalable arethe designsin the primary dimension of the design space
for high resolution displays?

a. Display Issues: Pixel Count

b. Human I ssues: Perception

4.1.1 Visual Scalability of Approaches: Display Issues

When using a desktop display there will come a point when there are either so many individual
views, or so much detail in the single complex view, that there are not enough pixels to show all
of the data. Rather than using aggregation or virtual navigation strategies to solve this problem,
it is possible to increase the number of pixels using a high resolution display. Therefore, to
understand the scalability of these approaches on high resolution displays, an anaytical
assessment based on the display resolution will first be conducted. The assessment of the
scalability for high resolution displays will be based on the granularity of the data, the size of the
dataset, the number of pixels available, and the visualization design. This work is currently in
progress. Mathematical formulas will be used to demonstrate view explosion with the attribute-
centric design and the usefulness of embedded visualizations for structure-centric designs.

4.1.2 Visual Scalability of Approaches: Human Issues

After understanding the limits the display imposes on the scalability of the visualization, it is
important to test and evaluate human perceptual abilities. It is not clear how many views a user
can comprehend or at what point an integrated view will become too complex to understand. It
is possible that the number of attributes a user can comprehend using either design can be
displayed on a desktop. However, it is more likely that users can comprehend more information
than can be shown on a desktop. It is also possible that users can comprehend more than can be
shown using a gigapixel display. The empirical evaluation of the scalability explores how
scalable the structure and attribute-centric designs are from a perceptual perspective.

Hypothesis: Human performance will gradually decrease as attributes increase because of the
added display space in which to search and the greater physical distance between objects. This
decrease will happen more rapidly for the structure-centric design because the complexity is
focused in asingle view resulting in increased interference.
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For the attribute-centric design the hypothesis is that performance will begin decreasing after
about four attributes are presented, regardless of the number of time points. This would happen if
participants mentally grouped large time series into a single chunk, and they were able to handle
four of these chunksin visual working memory.

Method
Design: A 2x3x5x4 within subjects design will be used.
I ndependent Variables: Visualization Design, # Time Points, # Data Attributes, Task

Visualization Design: This will be either attribute or structure-centric. In the attribute-
centric condition a separate view will exist at each time point for each attribute. In the
structure-centric condition embedded time-series glyphs will be used to represent the
data.

# Time Points: Thiswill be 1, 4 or 8 time points that will exist for each attribute.

# Attributes: Thiswill be the number of different data attributes in the dataset, possibly 1,
4, 10, 100, 1000

Task: There will be 4 types of tasks, as described in [21, 82]. These tasks are:
-point reading
-local comparison (quantities are displayed)
-global comparison (quantities must be derived)
-synthesis (making a general judgment)

Specific questions regarding time-series that may be included are: if sometime
exists a a given time, when something exists, how long something is occurring,
how often something occurs, how fast something is changing, what order events
occur, do certain changes occur together [50]. Example Questions:

Point Reading: How many cases of the flu were there in Blacksburg last year?

Local Comparison: Were there more cases of the flu in Blacksburg or Christiansburg?
Global Comparison: Were there more cases of the flu in Virginia or North Carolina?
(Assuming the datais only presented for cities and not states as awhole)

Synthesis: In which areas of the country is the flu most likely to appear next year?

Dependent Variables: Performance Time, Accuracy, Mental Workload.

Procedure: A pilot study will first be conducted to determine whether the correct range of time
points and attributes are being used. Note that these numbers will aso be influenced by the
results of the analytical assessment of scalability. During the actual study participants will use a
large high-resolution display without bezels to perform various tasks. The order in which the
visualization designs are presented will be varied. The amount of information will consist of 1
time point and 1 attribute as a minimum, and 8 time points and 1000 attributes (8000 views using
the attribute-centric design) as a maximum. Mental workload may be measured using the NASA
TLX [38].

Data Analysis. The datawill first be visualized to aid in detection of any inherent patternsin the
collected data. A 4-way within subjects ANOVA will be performed followed by appropriate
post-hoc analysis.
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4.2 Research Question 4: Combining Designs to Improve Performance

Although cognitive overload may occur at some point, the scalability may be improved either by
adding another view containing just the multidimensional data, or using some combination of
designs. In the final experiment, the benefit of combining designs on high resolution displaysis
quantified.

Resear ch Question 4.

Focusing on thecritical pointsidentified in research question three, do certain
combinations of designs (including applying the second design dimension) on high
resolution displaysimproveusers performance?

Hypotheses: Linking designs will result in slower overall performance times but a gain will be
seen in terms of decreased mental workload and accuracy. This result would suggest linking
views increases visual scalability.

Method
Design: A 5x4 within subjects design will be used.
I ndependent Variables: Visualization Design, Task.

Visualization Design: This will be one of the designs described in design combinations
section. These designs will also allow for some forms of interaction.

structure-centric with highlighting

attribute-centric with brushing

attribute-centric + data type-centric

structure-centric + data type-centric

attribute-centric + structure-centric + data type-centric

Task: There will be 4 types of tasks, as described in the previous proposed experiment.
Dependent Variables: Performance Time, Accuracy, Action Counts, and Mental Workload.

Procedure: Based on the results of the previous experiment, a set number of time points and
attributes will be chosen. Using a large high-resolution display, participants will be presented
with each of the visualization designs. The order these designs are presented will be varied. Note
that at a minimum a unique type of pointer will likely be used to help aid in user interaction with
these views in high resol ution.

Data Analysis: A 2-way within subjects ANOVA will be performed followed by appropriate
post-hoc analysis.

5 Contributions

This research will increase understanding of the visual scalability of different design approaches
for integrating spatial and multidimensional data as visualizations move from low to high
resolution displays. Better designs should lead to increased insight into complex datasets.
Specific contributes of thiswork are:
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A visualization design space for integrating spatial and multidimensional data, including
identification of tradeoffs

|dentification of some of the human limits of visualization

Design guidelines based on the visual scalability of integrated and multiple views for
high resolution displays

Understanding visual scalability issues will help ensure scientists working with spatial and
multidimensional data are getting the maximum benefit from this technology.

6 Timeline

The timeline for the proposed work is shown in Figure 14. Although not shown in this figure, a
journal paper describing the design space will be written and submitted during the summer of
2005. The analytical assessment of scaability will be completed by the end of May and
submitted to a TBD location. The empirical analysis of scalability will occur during the summer
and be complete by September of 2005. A paper on this topic will be submitted to NGA on
September 1%, 2005, and this paper will then be submitted to CHI 2006 on approximately
September 15", 2005.

The work on combining designs to improve performance will be done during the fall semester of
2005. A paper on the results of that experiment will be submitted to NGA on December 15",
2005. The paper will then be submitted to INTERACT 2006 on approximately January 10"

Figure 14. Timeline for Proposed Work

Upon completion of the proposed work, a summary of all results will be compiled in preparation
of the research defense. This compilation of results will be submitted as a complete work to
NGA on February 15", 2006 and will then be submitted to InfoVis 2006 approximately March
1%, 2006. The research defense will take place the middle of February, 2006.

The fina defense will occur near the end of September, 2006. All concerns raised by the
committee during the research defense will be addressed between the time of the research
defense and the end of May, 2006. The final document and preparation for the final defense will

24



take place between June and September. Between the date of the final defense and graduation, a
synthesis of all results will be submitted to the Journal of Information Visualization.
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