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Abstract

The exponential growth of structural bioinformatics data implies a need for visualiza-
tion tools that provide informative overviews of large datasets. Nevertheless, online
query interfaces and domain-specific visualization tools have neglected to provide suit-
able overviews. We identify four functional goals for large-scale overviews. We apply
these goals to create glyph-based visualizations of query results from the Protein Data
Bank.






Chapter 1

Introduction

Structural biologists aim to determine the shape and function of macromolecules like pro-
teins and RNA. Increasing success in the field has flooded structure databases like the
Protein Data Bank! (PDB). At present the PDB contains more than 40,000 structures
and is poised to continue growing at an exponential rate [Wik06b]. Databases like the
PDB have query interfaces that support precise searches, but as structural data accumu-
lates, even precise searches lead to large data collections. Structural biologists therefore
need tools to help them explore and comprehend large data collections. These tools
should support the discovery of trends, outliers and relevant subsets of data collections.
Automated data mining can provide some insight into large collections but experts have
emphasized the need for human insight supported by visualization [Kei02, Shn02].

In this thesis we show how visual overviews can be created to support information
seeking over large collections of structural data. Overviews can increase the rate at which
information is acquired, help to expose patterns and outliers [Kei02, TMWJKO04], reduce
the need for search, and help the user to choose subsequent actions [CMS99]. Although
a variety of visualization tools and database interfaces enable the study of individual
structures, few if any provide overviews of numerous structures in parallel (Section 2.4).
In Section 3.1 we propose functional goals for large-scale overviews. In Chapter 4 we
apply these goals to create novel, glyph-based visualizations of PDB query results. The
PDB’s web query interface has been chosen as the touchstone for our research due to the
PDB’s leading role in structural biology. In a typical month the PDB’s website serves
half a terabyte of data and receives more than 100,000 visitors [RCS07].

The motivations and methods for our research are illustrated by the following example.
A PDB keyword search for “adenylate kinase,” filtered for 90% sequence identity, returns
86 structure hits and 64 ligand hits. With the conventional display format, shown in
Fig. 2.3, these hits span two tab pages and more than twenty screens on a 17-inch
display. With our display format, shown in Fig. 1.1, the same hits occupy less than

http://www.pdb.org/
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Figure 1.1: A) PDB structure and ligand hits in PDQVis. The dynamic query interface (left)
enables users to select ligands and query for proteins that bind the same; query results are
circled in green. B) Close-up of a structure glyph. Each glyph resents a PDB structure, its
subunits (pie slices), number of residues (circle size), release date (blue is older, yellow newer),
bound ligands (each radial whisker represents a ligand; the length of the whisker can encode the
ligand’s molecular weight), and resolution (blurred halo). User-selected subunits are brushed
in green across the entire visualization.

half a screen. After reading a brief textual description, as in the caption to Fig. 1.1,
users can quickly discover the smallest or most recent structures, the structures that
bind adenosine diphosphate, etc. Users can also generalize about the result set: the
structures span a wide range of molecular weights, every structure binds at least one
ligand, no structure has more than six subunits, and so on. By way of comparison, the
aforementioned discoveries and generalizations require more time and effort to obtain
with the PDB’s web interface, as discussed in Section 2.4.2 and in Section 3.1. In general
we hypothesize that overviews can reduce the cost of knowledge from structure databases
like the PDB. The “cost” of knowledge refers to factors such as time and cognitive effort
(see the Glossary for more).

1.1 Contribution and organization of this thesis

The contribution of this thesis consists of design principles, software prototypes, and
glyph designs for perceptually efficient overview displays of structure hits from databases
like the PDB.

Above we have given an example of why our research is needed and how it might
useful. In Chapter 2 we survey the existing body of work in information visualization
and bioinformatics visualization to achieve the following ends. First, to establish the
need for overview displays in structural bioinformatics; in part by showing how prior
visualization tools have neglected this need. Second, to gather general principles that
can inform the design of effective overviews. In Chapter 3 we present these general
principles. We follow in Chapter 4 with software prototypes designed according to these
principles.



Chapter 2

Related Work

Users of structure databases face specific challenges. In Chapter 3 and Chapter 4 we
propose glyph-based overviews as solutions to some of these challenges. We therefore
begin the present chapter with an exploration of existing research in overviews, glyphs,
and the perceptual and cognitive issues that they engender. Our goal is to synthesize
and extend this research to create overviews of structural bioinformatics data. In Sec-
tion 2.4 we explore the state of the art in bioinformatics visualization and query result
visualization.

In this Chapter we also introduce the concept of wvisual data mining, which is the
process of extracting useful information from a visualization. Visual data mining dove-
tails with our research goal, to create informative overviews of structural bioinformatics
data, since the purpose of an overview is to provide insight into the dataset at hand.
We therefore draw on the literature in visual data mining to find recommendations for
overview displays.

2.1 Glyphs, perception and cognition

Glyphs are graphics whose visual attributes are determined by data. They have been
widely studied and applied in the visualization of multivariate data. In Chapter 3 we
show that glyphs are a natural building block for overview visualizations in structural
bioinformatics. In Chapter 4 we present glyph-based visualizations of PDB query results.

Ward [War02] provides a broad survey of glyph types and placement strategies. The
glyphs we create for PDB structures and bound ligands (Fig. 1.1) combine elements of pie
glyphs [WLO0O0], whisker plots, and metroglyphs [And57]. Anderson [And57] recommends
against the full-circumference whisker layout we employ, but does not substantiate his
recommendation. We hypothesize that a full-circumference whisker layout results makes
more efficient use of screen space and is at least as comparative as Anderson’s method.
User studies are needed to resolve the issue. In Section 4.1.7 we explore the use of
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Retinal category | Preattentive features
Line orientation
Line length

Line width

Line collinearity
Size

Curvature

Spatial grouping
Blur

Added marks
Numerosity

Hue

Intensity

Flicker

Direction of motion
2D position

Spatial position | Stereoscopic depth
Convex/concave shape from shading

Form

Color

Motion

Table 2.1: Preattentively processed retinal attributes [War04, 151-152].

statistical graphics as data summaries and filter controls. The broader topics of statistical
graphics and glyphs as widgets are explored by Tufte [Tuf01] and Calder et al. [CL90],
respectively.

2.1.1 Retinal attributes, preattention and pop-out

To support visual data mining we wish to create glyphs that can be quickly identified
and interpreted. A first principle of glyph design is to develop a visualization schema
that uses preattentively processed retinal attributes to encode important data. Preatten-
tive processing precedes conscious attention. It is a theoretical mechanism to explain
pop-out, or visual salience. Visuals that pop out seem to grab the attention, quickly
distinguishing themselves from the rest of the visual field. (Consider how a flashing
red light “demands” attention.) In general, anything processed at a rate faster than 10
msec per item is considered preattentive [War04]. A list of retinal attributes that are
preattentively processed shown in Table 2.1.

It is impractical to rank preattentive features by strength, since the strength of a
given feature depends upon its context [War04|. This consideration is especially relevant
in dense, multi-glyph visualizations where glyphs are likely to occur in the context of nu-
merous others. In fact the performance of preattentive attributes declines in proprotion
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to the number of neighboring distractors. Nevertheless, individual glyphs can be per-
ceived, used, and analyzed even in the context of thousands of other glyphs [RAEM94].
Such multi-glyph displays also produce gestalt effects where the overall impression con-
veyed by clusters of glyphs supersedes the effects of any individual glyph [RAEM94]. 1t is
worth mentioning that some retinal attributes encode quantitative variables better than
others. [SHBT99] cites evidence that position along a scale is the most effective method
of displaying a scalar quantity in 2D. This is followed, in order of decreasing effectiveness,
by length, slope, area, volume, and color.

Integral-separable dimension pairs

Some pairs of preattentive features are integrally or holistically perceived. When integral
features occur together it is difficult for the visual apparatus to tease them apart. Motion
and flicker, for instance, are integrally perceived. Spatial position and color, on the
other hand, are separable; they are perceived independently. From the integral-separable
dichotomy we learn that using one or more integral dimensions in a single glyph is likely to
obfuscate the underlying data. In designing effective glyphs one should therefore employ
a set of mutually separable preattentive attributes. [War04, 180] provides further details
on integral-separable dimension pairs and notes that the integral /separable dichotomy
encompasses a continuum of effects ranging from fully integral to fully separable .

For each retinal dimension, there is also a limit to the number of different steps
that can be rapidly resolved. [War04| suggests that most dimensions support about four
discrete steps (two bits of information), with color supporting eight steps (three bits).

If we now step back and consider all retinal dimensions, not just the preattentive
ones, we end up with the following eight: size, position, color, shape, orientation, motion,
blink, and texture. Assuming four rapidly distinguishable steps per dimension, one might
expect 4% ~ 65,536 rapidly distinguishable glyphs. But, once we factor out integral
dimensions, we are left with a much humbler number, 32 [War04]. The implication is
that a carefully designed visualization schema can represent no more than 32 rapidly
distinguishable alternatives. At first glance that seems like a crushing limitation for
glyph-based visualizations of large databases, which may contain thousands of unique
data entries; but, for the reasons outlined below, this need not be the case.

Rethinking the dimensionality of glyphs. First, we note that the visualization
schema designer is free to use as many steps per retinal dimension as are available—let’s
forget, for a moment, about how many of those dimensions are resolvable. On modern
displays the color dimension alone provides millions of steps. Likewise for dimensions
such as shape, orientation, and texture. So the number of possible glyphs is extremely
large. The fact that only 32 of these can be rapidly distinguished is not a total loss.
For one thing, these 32 alternatives may help to segment large sets of glyphs into as
many disjoint subsets. It is reasonable to assume that these subsets would be logical
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clusters of related data points. Users looking for fine-grained information, beyond the
one-of-32 alias for a given glyph, could study the glyphs in detail, on time scales much
longer than the 10 msec needed for preattentive processing. At these longer time scales
the resolving power of the eye goes far beyond four steps per dimension and the number
of perceptually distinct glyphs approaches the number of logically distinct ones. An
alternative solution is to provide compound glyphs. Instead of compressing all of the data
for a single concept into one glyph, compound glyphs distribute the data across a family
of adjacent or superposed glyphs. Since compound glyphs consist of multiple sub-glyphs
they may provide more than 32 rapidly distinguishable flavors. We will revisit compound
glyphs in Chapter 4 where they are used to represent structural and chemical properties
of proteins.

2.1.2 Perceptual color sequences

Yellow-blue opponent sequence

Red-green opponent sequence

Increasing luminance (gray scale)

Increasing saturation (red)

Increasing lightness (red)

Figure 2.1: Perceptual color sequences.

Ware [War04] notes that quantitative (or ordinal) variables are easiest to interpret
if they are encoded with a perceptual color sequence. Elements of a perceptual color
sequence can be ordered by the brain without additional semantic information. Figure 2.1
shows examples of perceptual color sequences. We make use of the yellow-blue and
saturation sequences in Chapter 4 to encode continuous and ordinal variables from protein
databases.



2.2. WORKING MEMORY AND COGNITIVE LOAD 9

2.2 Working memory and cognitive load

Any information retained longer than 300 msec must first pass through working mem-
ory [War04]. For our purposes, the key feature of working memory is its limited capacity.
Research indicates that working memory can hold somewhere between four and seven
chunks of information [Wik06¢c|. These chunks may be words, letters, or other symbols.
When the amount of incoming data exceeds the capacity of working memory, cognitive
overload occurs. Cognitive overload may well be an issue in mega-glyph displays, where
users are faced with hundreds or thousands of glyphs at a time. We therefore turn our
attention to cognitive load and its mitigation.

Meyer and Moreno [MMO3] identify split attention as a source of cognitive load. Split
attention occurs when the user required to split his attention between remote targets. (A
user simultaneously viewing a movie in one window and reading a webpage in another
has split his attention.) Split attention taxes working memory by requiring the user to
devote cognitive capacity to finding the targets as he switches rapidly between them. Not
surprisingly, [MMO3] advises integrated presentation to reduce cognitive load. Integrated
presentation places multiple targets—text and images, for instance—in close proximity
for ease of consumption. Tufte makes similar recommendations in [Tuf90] and [Tuf06a].
The former contains a chapter on small multiples, series of small, related images designed
to convey trends and changes in the data. In the spirit of integrated presentation, Tufte
emphasizes that “comparisons must be enforced within the scope of the eyespan” [Tuf90,
76]. The implications for visual data mining are clear, and support our emphasis on dense
visualizations in which information for many data entities is concentrated in a small area.
More recently, [Tuf06a] espouses the integral presentation of words, numbers, and images
(Fig. 2.2). This is a principle motivation behind sparklines, which can be placed in and
among text.

2.2.1 Readable, meaningful glyphs

As Shaw et. al observe, “one of the most difficult problems in glyph visualization is the
design of meaningful glyphs,” [SHBT99]. In addition to the perceptual guidelines outlined
above, we identify three approaches to creating meaningful glyphs:

user specification [RAEM94] provides a flexible framework with which users can com-
pletely specify the glyph-to-data bindings (i.e. the visualization schema).

automatic generation Systems that automatically generate icons' are propounded
in [PPWS95] and [SABGT05]. [PPWS95] outlines a model to abstract and visualize
data and applies the model to tensors of scientific data. [SABGT05] presents a sys-
tem that automatically mines the name, location and contents of a file to produce
meaningful desktop icons or “semanticons.”

'Here, as in [PPWS95], the terms “icon” and “glyph” are roughly equivalent .
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Figure 2.2: Studies of Embryos by Lenardo DaVinci [Dav10]. Notice the tight integration of
word and image, if not number as well. [Tuf06a] contains further, striking examples of such
integrative data art.
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data relation [Sii05] explores the effects of data-relatedness on interactive glyphs and
shows that users prefer, and perform better with, data-related glyphs (e.g. use
car glyphs when exploring automobile data). This technique can be viewed as a
handrolled version of auotmatic generation since the design of the glyph is influenced
by the semantics of the data.

Norman [Nor02] defines a natural mapping as a clear relation between user inten-
tions and possible actions, between possible actions and their effect on a system.
Norman argues that natural mappings foster usability. We can extend this idea
to glyphs and say that a glyph is natural when its retinal attributes have a clear
relationship to the underlying data.

We employ data relation to design glyphs for protein structures in Chapter 4.

2.3 Overview and visual data mining

The so-called visual information-seeking mantra was popularized by Shneiderman [Shn96]
as a useful starting point for advanced graphical interfaces. The mantra reads as follows:
“Overview first, zoom and filter, and then details-on-demand.” It goes without saying
that the overview operation is central to visual data mining, where a prime goal is
the identification of trends and outliers. As such, infovis systems commonly provide
overview+detail, in which detailed information for specific items of interest is displayed
alongside an overview of the entire data set. A related technique, focus+context, provides
detailed information about a subset of items under focus and simultaneously conveys the
broader context of these items. Focus+context differs from overview+detail in that
focus and context are understood to be integrally presented, whereas overview and detail
are, in general, presented separately (e.g. in two separate windows). In Section 2.2 we
identified integral presentation as a means to reduce cognitive load. For this reason,
when circumstances permit, focus+context may be preferable to overview+detail.

Both overview+detail and focus+context imply the concept of zoom. Zoom entails not
only changes in the visible dimensions of an object, but changes to its logical or semantic
structure as well. Logical zoom is simply a mechanism for revealing or hiding details as
the depth of the zoom changes. At the lowest level of zoom, only broad, abstract features
of the data are visible. At the hightest level of zoom all available details are visible for
the item(s) in focus.

Linking and brushing is the use of highlighting to identify common elements across
multiple views. Highlighting may be accomplished with color, contours, or other methods.

We apply the aforementioned techniques in our research software (Chapter 4). We
now turn our attention to visual data mining, a subarea of information visualization
which can provide heuristics for the design of information-rich overview displays.
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2.3.1 Visual data mining

At the core of visual exploration are the search and browse operations. In search, the
user proceeds from a query to the corresponding results. Shneiderman [Sch94] pioneered
an exploration technique called dynamic queries. Dynamic queries rapidly update search
results in response to user requests made through graphical widgets. Browsing, as distin-
guished from search, is an ad hoc process in which the user has no preset query in mind
but is nevertheless free to flag or pursue items of interest. Keim [Kei02] identified the
agnostic nature of browsing as a key advantage of visual data mining over auotmatic data
mining (a.k.a. “machine learning”). That is to say, browsing remains applicable in the
absence of a priori knowledge about the data. Keim further argues that visual data ex-
ploration is robust to inhomogenous or noisy data and scales gracefully to large data sets.
In light of these advantages, and in light of the human capacity for creativity and domain
knowledge, Keim advocates for the inclusion of human beings in the data mining process
(enter visual data mining). He concludes that visual data mining is likely to be faster
and, in many cases, produce better results than automatic data mining alone. Keim’s
advocacy of agnosticism and visual data mining are echoed in [TMWJKO04]. The afore-
mentioned conclusions suggest that visual overviews can help scientists to understand
and organize large collections (of bioinformatics data).

Shneiderman [Shn02] notes that information visualization and automatic data mining
have developed, by and large, in isolation from one another. Shneiderman favors the
integration of the two as a path to deeper understanding of data. He makes the following
three recommendations for visual data mining systems:

1. “allow users to specify what they are seeking and what they find interesting”
2. support exchange, discussion, and other forms of social networking over the data

3. respect human responsibility by providing tools that are “comprehensible, pre-
dictable, and controllable.”

Though automatic data mining is beyond the scope of our research, some brief com-
ments are in order. [KLS00] and [MDH'03] outline automated preprocessing techniques
for “unstructured” data. They apply algorithmic measures of information, such as en-
tropy and self-organizing maps, to create self-structured visualizations. Such techniques
may facilitate the discovery of patterns in the data, but one must simultaneously guard
against imposing interpretations upon the data[Tuf06b]. (In some sense all automated
data mining techniques impose their own inductive bias upon the data.)

2.4 Visualization tools

In this section we give a brief overview of existing research tools for glyph-based infor-
mation visualization, database exploration, and structural bioinformatics visualization.
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In each of these areas we examine a handful of leading tools that are germane to our
research.

2.4.1 Tools for glyphs, databases and query results

Glyphmaker [RAEM94| allows users to create custom visualizations by specifying the
visuals-to-data mapping or “visualization schema.” Polaris [STHO02] takes this a step
further and provides an interactive query mechanism. That said, Polaris supports nei-
ther complex nor compound glyphs (by “complex” we mean glyphs built from more than
three visual attributes). Our research suggests that complex, compound glyphs are use-
ful for visualizing bioinformatics data (Chapter 4). Kreuseler et al. [KLS00] presented a
generic framework for information visualization, but their approach to multivariate data
yields a relatively limited set of glyphs: those that can be built from cylindrical primi-
tives. Although the startup cost of the aforementioned tools makes them impractical for
working scientists, such tools could be used to prototype standard visualizations for data
clearinghouses like the PDB.

Sparkler [HHP*01] is relevant to our work since it was designed to visualize the
results of multiple database queries via a data-driven glyph layout wherein glyphs are
organized according to relevance and parent query. Sparkler does not expose the data
content of individual results. Our approach differs from Sparkler in that we focus on
content-intensive overviews of a single result set. In Chapter 5 we explore the possibility
of integrating the Sparkler visualization method with one of our own.

Table-based displays, proposed in Table Lens [RC94], are a natural method for orga-
nizing database visualizations. Table Lens also provides a focus+context mechanism for
enhancing details. In Chapter 4 we present a table-based overview with an alternative
focus+context technique.

2.4.2 Bioinformatics visualization tools

Structural biologists make frequent use of visual abstractions to summarize data. This
fact is reflected in biochemical structure diagrams and, since the advent of software, a
rich and varied use of visualization tools to support problem-solving.

In general, bioinformatics visualization tools have focused on either structure or net-
work visualization. That said, in neither case has generic, large-scale overviews been
tackled. Chapter 7 of [BWO03| provides a survey of structure visualization tools. Such
tools are widely used and offer sophisticated features, but primarily support the study
of individual structures. Network visualization tools like Osprey [BST03] support the
study and comparison of multi-molecular networks, but they focus on just one aspect
(interactions) of specific datasets (interactomes). Our goal is to provide overviews of ad
hoc datasets, wherein interactions may not be known or may not exist.
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Figure 2.3: A structure hit from a PDB web search.

The PDB’s web interface

Online queries to the PDB return structure hits in the format shown in Fig. 2.3. Users
with a 17-inch display can view about six of these hits in a browser window. As a result,
large collections cannot be accommodated in a single view. A user must employ her
memory to assemble an overview of the collection. Furthermore, the hit format relies
on descriptive text, rather than visualization, to convey information. While such an
approach is effective for conveying information about individual structures, it does not
scale to large collections of structures.

The PDB also offers a “collage view” of structure hits (Fig. 2.4. Collage view is a
uniform tiling of thumbnail images, one for each hit, as shown in Fig. 2.4. This is a step
in the direction of overview, but it fails to be synoptic and comparative (in Section 3.1
we will argue that these are desirable characteristics of overviews). PDB collages are not
synoptic since they expose only one facet of the dataset: small, fixed-perspective images
of each structures three-dimensional shape. Such images can indicate the rough shape
of molecules, but they do not afford accurate comparison due to problems of perspective
(Fig. 2.5).
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Wiew Structure Summary for 1AL6

Figure 2.4: Collage View from the PDB’s website.

Figure 2.5: Thumbnail images from a PDB collage. The images—which depict structures
2ACX, 2AJ4 and 2AJP in left-to-right order—belie the relative molecular weights of the corre-
sponding structures: 66kDa, 60kDa, and 36kDa, respectively.
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Chapter 3

Functional Goals for Large-scale
Overviews

In Chapter 3 we established the importance of overview. In Section 2.4 we argued that
current tools for structural bioinformatics do not provide adequate overviews. We propose
to supplement current tools with new ones, explicitly designed for large-scale overview
of structural datasets. These new tools can act as a bridge between the growing stream
of data and the existing crop of small-scale visualization tools. In this section we present
functional goals for large-scale overviews. We follow in Chapter 4 with examples of how
we have applied these principles to create specialized displays for the visual overview of
PDB query results.

3.1 Four goals for overviews

A critique of the PDB hit format (Fig. 2.3) suggests functional goals for overview displays.
First, since only a small number of hits appear on a page, the user will need to page back
and forth to view the entire collection. Paging is likely to tax the user’s working memory
and thereby increase cognitive load. Second, the format is not well-suited for comparison
between elements. Third, the format is not designed for quick, visual browsing. It
consists primarily of descriptive text, which requires more time and effort to interpret
than preattentive visual attributes or glyphs. Finally, we note that the PDB website
succeeds in offering methods to filter, sort and expose details of query results. These
methods fall under the umbrella of “zoom and filter” operations, which are useful for
overview displays (cf. [Shn96]).
The four issues mentioned above suggest the following goals for overview displays:

1. Overview displays should be synoptic. They should provide monolithic views that
summarize the entire dataset. In other words, overviews support the discovery of
trends and outliers in the data. (In Section 4.1.7 we show how statistical graphics

17



18 CHAPTER 3. FUNCTIONAL GOALS FOR LARGE-SCALE OVERVIEWS

and brushing can be used to accomplish the former.) In order to support large-
scale datasets, overviews should be built from information-dense elements that are
informative at small sizes.

2. The elements of overview displays should be comparative. “Comparative” implies
a consistent visualization schema that facilitates inter-element comparison. PDB
thumbnails, shown in Fig. 2.4, are not comparative: without a common frame of
reference, similar molecules appear different, and vice versa. In designing overview
displays, we have found it useful to emphasize how the data relate to one another,
rather than precise data measurements. Existing tools excel at the latter and fail
at the former (Section 2.4). To some extent, an emphasis on inter-data comparison,
as opposed to precise data values, is a natural consequence of large-scale overview,
which trades precision for space. We revisit these issues in Section 4.1.5.

3. Overview displays should be perceptually efficient, as discussed in Chapter 3.
The goal is to make visual information seeking as quick and easy as possible. Put
another way, the goal is to reduce the cost of knowledge from the underlying dataset.

4. Overview displays should support zoom and filter controls that enable users
to subset, sort, and expose details in the data. In light of integrated presentation
(Section 2.2), focus+context is preferable to other overview+detail methods. Zoom
and filter per se are beyond the scope of this paper; [CMS99] provides a survey.

3.2 Glyphs and overview
Given the need for dense, comparative, perceptually efficient visual elements and given

the abundance of multivariate data in structural bioinformatics, we have chosen glyphs
as the building blocks of our overview visualizations.



Chapter 4

Research Software

We have created two software prototypes for glyph-based overviews of PDB query results:
PDQVis (Fig. 1.1) and BioSpark (Fig. 4.5). The former represents each structure and
its attributes as a compound glyph. The latter represents each structure as a row of
simple glyphs, one per data attribute. These simple glyphs are then organized into a
table wherein each column represents a data field.

Pursuant to the functional goals established in Section 3.1, Section 4.1 proposes glyphs
for data types common to structural bioinformatics. Section 4.2 discusses the design of
compound glyphs and the rationale behind the glyph design we chose for PDQVis.

4.1 Glyphs by data type

4.1.1 Images

In the upper left of Figure 2.3 are three icons. Moving form left to right, these icons are
buttons to download the PDB file, view the PDB file for the result, and visualize the
result in three dimensions. These functions may be vital, but probably do not belong in
a data-dense visualization for the simple reason that they are common to every result
in the data set and provide no distinguishing information. Such functionality is better
exposed in contextual or pull-down menus. If a menu is unacceptable, said icons could
be readily added to BioSpark. Since this addition would require little if any modification
to the icons, we will not discuss these icons further.

4.1.2 Descriptive text

With the exception of short, critical strings such as the structure identifier, descriptive
text can be excluded from the first layer of the overview since reading and interpreting
descriptions is a slow, post-attentive process that does not lend itself to rapid visual ex-
ploration. Descriptive text can be provided through tooltips or other zoom mechanisms.
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Figure 4.1: Protein structures and bound ligands displayed in PDQVis. Each glyph resents a
PDB structure, its subunits (pie slices), number of residues (size), release date (blue is older,
yellow newer), and bound ligands (radial whiskers); resolution (blur) is not shown. If the user
selects a subchain, it is brushed in green. For example, the two green slices of structure 200X
(lower right) represent identical subunits. The dynamic query interface (left) enables users to
select ligands and query for proteins that bind the same; query results are circled in green.

Figure 4.2: Close-up view of glyphs in PDQVis.
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|enn Ligand Legend

Figure 4.3: The ligand legend in PDQVis provides users with detailed information about the
name, color, and radial position of each ligand.
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in context, in bold, at the top of the correpsonding column; likewise for the red sparkline in
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THI

Figure 4.6: Sparklines representing the primary structure of protein subchains. In top-to-
bottom order the subchains belong to the following PDB structures: 1KHT (3 subchains),
1K19 (3 subchains), and 1KOF (2 subchains). This pattern repeats for each of the three
visualization styles shown above for a total of 24 sparklines. (The red arrow shown on the right
is for reference and is not part of the visualization.)

Figure 4.7: 606 sparklines representing the primary structure of proteins. From left to right
the sparklines are rendered using contour only, height mapping, and filled contours.
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4.1.3 Scalars

In table-based displays, continuous scalars such as structure resolution and molecular
weight can be visualized as horizontal bars on a shared positional scale (Fig. 4.5, fourth
column). This is the most accurate method for visually encoding a continuous variable,
followed in order of decreasing accuracy by interval length, slope, area, volume, and
color [SHB'99]. Depth of field (blur) can also be used encode scalars (e.g. structure
resolution in Fig. 1.1a).

4.1.4 Indicator functions

Fields in a structure database may associate a structure with elements of a discrete set.
For example, the “experimental method” field of a PDB record indicates one member of
the set {X-Ray Diffraction, NMR}. Similarly, the set of ligands bound by a given struc-
ture is a subset of the set of all ligands in the database. We can therefore conceptualize
the values of a field like “bound ligands” or “authors” as a family of indicator functions!.

A family of indicator functions is comparative since its members share the same do-
main: the union of all observed values for the corresponding data field. For the purposes
of visualization, we arrange the elements of the shared domain across a common axis.
If the common axis is horizontal, and vertical marks are placed wherever the indicator
function is nonzero, the visualization looks something like a barcode (see the author
sparklines in Fig. 4.5). If the common axis is radial, and each glyph has its own axis, the
visualization may look like Fig. 1.1. When the common axis is tightly packed, color can
be used to distinguish neighboring elements of the domain, as with the ligand whiskers in
Fig 1.1. The legend shown in Figure 4.3 provides users with detailed information about
the name, color, and radial position of each ligand.

It can be useful to expand the range of the indicator function (in which case it
resembles a time series). For example, the length of the radial whiskers in Fig. 1.1
indicates the molecular weight of the corresponding ligand?. We call the visual signature
created by these whiskers a “ligand aura.” Ligand auras, and indicator function glyphs
in general, provide rapidly comparative visual signatures wherein shared marks indicate
common traits (and conversely). The practical value of ligand auras is revealed in Fig. 4.1,
wherein users can quickly infer that three of the first four structures in the top row bind
the same ligand (depicted by the yellow whisker near the nine o’clock position).

! An indicator function for a set B C A is of the form f: A — {0,1} and obeys f(a) =1 < a € B.

2In reality the length of the whisker is determined by the number of letters in the ligand’s abbreviation
code. This is a sloppy heuristic based on the assumption that lone atoms tend to have one- or two-
letter codes whereas molecules tend to have three-letter codes (and that shorter abbreviations therefore
correlate to lower molecular weight). The important point is that biologically relevant information can
be encoded in the length of the whisker.
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4.1.5 Classification trees

The Enzyme Nomenclature tree [NC-92] provides functional classifications for proteins
via Enzyme Classification (E.C.) numbers. An E.C. number is of the form ag.qa; . ..a,
where a; € N, 1 < n < 3. It identifies a path, rooted at ag, descending the nomenclature
tree. One can visualize E.C. numbers as glyphs according to a simple schema: the a;
are represented by n rectangles in the same left-to-right order, the height and lightness
of each rectangle is directly proportional to i, and the vertical position of each rectangle
is proportional to a;. Lastly, a polyline or “scribble”—we call these glyphs “scribble
trees”—unifies the rectangles and provides a visual signature. The results are shown in
Fig. 4.8. Given that size, position, color, and line orientation are preattentively processed,
users can quickly compare and contrast scribble trees.

We note that scribble trees emphasize data comparison over data content (Sec-
tion 3.1). For example, it is easy to ascertain that all of the E.C. numbers depicted
in Fig. 4.8 share their top two levels, but it is relatively difficult to determine the precise
E.C. number for a given glyph.

2.7.2.3 2743 2.7.1.112
2.71.112 2.7.2.3 2.7.4.3

Figure 4.8: Scribble trees depicting Enzyme Classification numbers.

4.1.6 Protein structure

Sparklines are a natural method for summarizing primary and even secondary struc-
ture. The former can be visualized with hydrophobicity plots. The first three columns
of Fig. 4.5 show hydrophobicity plots as contours, height maps, and a combination of
contour and height mapping. When displayed in columns, hydrophobicity sparklines
make substitutions, shifts and insertions strikingly visual. (For example, the amino acid
position indicated by the red arrow in Fig. 4.6, or the yellow and blue primary structure
sparklines at the bottom of Fig. 4.5 which show three identical chains plus one homo-
logue which appears to have diverged via substitution.) Sparklines can be downsampled
to produce data dense visualizations, as shown in Fig. 4.7. As discussed in Section 3.1,
the PDB’s current result format does not lend itself to such data-dense displays.

Since sparklines for primary and secondary structure can be aligned, with well-known
algorithms, for easy comparison and since they can be rendered in 2D without occlu-
sion, they circumvent some drawbacks of 3D structure visualization (Section 2.4.2 and
Section 3.1) but convey some of the same information.
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One method for visualizing tertiary structure at the overview level is with scribble
trees of a structural classification like SCOP [BWO03]. We hypothesize that such abstract
representations of 3D structure are, at small sizes, easier to interpret than actual 3D
visualizations like PDB thumbnails (Fig. 2.4).

Figure 4.9: Style boxes summarizing the primary structure of proteins.

At low levels of zoom, 2D glyphs can be condensed into style boxes [Mor(02]. Each
style box has an z- and y-axis divided into n bins. This forms an n x n grid in which a
single cell, representing one of n? styles, is highlighted. The 3 x 3 style boxes in Fig. 4.9
summarize the number of residues (horizontal bins) and average hydrophobicity (vertical
bins) of 28 protein chains. Glancing over Fig. 4.9 reveals that every protein shown is
of average length and that the majority of proteins have, comparatively speaking, a low
mean hydrophobicity.

4.1.7 Statistical graphics, focus+context

Small statistical graphics can be displayed within overviews as data summaries. BioSpark
provides a histogram at the top of each data column (Fig. 4.5). The histogram reveals
how data in the column are distributed. Modal (tall) bars are filled with subdued colors
while extremal (short) bars are, in inverse proportion to their height, filled with brighter
colors. Each glyph in the column beneath is brushed with the color of its histogram
bar. This “statistical brushing” may support the discovery of patterns and outliers. A
summary of a data column can be generated by selecting a representative glyph from
each bar in the histogram, then superimposing the representatives at high transparency.
The result is an aggregate glyph summarizing the values of the data column. BioSpark’s
focus+context mechanism highlights the focus and renders it over the context (i.e. the
aggregate glyph), as shown in Fig. 4.5.

Statistical graphics can double as filter widgets. In the case of histograms, or proba-
bility distribution functions, the user selects one or more regions of the graphic to isolate
the corresponding data.

4.2 Complex and compound glyph design

The aforementioned glyphs may be combined into compund glyphs to achieve higher
data density. Designers of multi-attribute glyphs should consider constraints such as
the following: integral-separable dimension pairs, natural mappings, and the perceptual
efficiency of the encoding. (The former two considerations are mentioned in Section 2.1.
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Figure 4.10: An alternative glyph design to that of PDQVis (Fig. 1.1). Rectangles, rather
than circles are used to represent protein chains. The ligand auras are layed out horiztonally
on a shared scale.

Figure 4.11: A ligand aura that used shape-based encoding to display information about one
ligand, or a group of ligands.
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We give an example of the latter consideration in Section 4.1.3.) The compound glyph in
Fig. 1.1 combines six data attributes into a single graphic, and was created by applying
the aforementioned constraints. In Fig. 1.1 the data attributes of chain length, bound
ligands, ligand weight, number and size of subunits, resolution and release date are
bound, respectively, to the following retinal attributes: size, line orientation, line length,
slice numerosity and size, blur®, and color. We note that these attributes are mutually
separable, preattentive and natural (i.e. chain length maps to size, resolution maps to
blur). As discussed in Chapter 2, these factors make for efficient visual consumption. The
glyph-layout is data-driven which means that the two-dimensional position of the glyph
encodes yet another attribute, such as source organism (i.e. the glyphs can be spatially
sorted according to data attributes). We believe that the compound glyph design outlined
in this paragraph is efficient, but it is by no means the only possible design.

A look at the preattentive attribute list in Table 2.1.1 shows that a handful of preat-
tentive attributes remain unused in Fig. 1.1. Namely, under “form,” curvature and line
width; under “motion,” flicker and direction of motion; under “spatial position,” con-
vex/concave shape from shading. We discuss each of these briefly. Line width might have
been used to encode a ligand attribute, such as solubility, with the proviso that making
ligand whiskers very thick would limit the number of whiskers that could be packed onto
a small glyph. (In practice, datasets contain several hundred ligands. That said, whisker
layouts could be improved by using an optimiziation algorithm to determine the layout
that results in the least crowding.) Curvature and convex/concave shape from shading
might have been used to display further data attributes, as explored in [SHBT99], or to
provide logical zoom for bound ligands, as shown in Fig. 4.11. The reason that bound
ligands might benefit from logical zoom is that, when PDQVis glyphs are displayed at
small sizes or the number of bound ligands is large, individual ligand whiskers become
difficult to discern. Therefore, several similar ligands, or sets of ligands could be com-
bined into a summarizing shape (Fig. 4.11). We decided to forego motion-based retinal
attributes under the assumption that they would be distracting and would interfere with
the perception of other retinal attributes.

Fig. 4.10 and Fig. 4.11 show alternatives to the compound glyph from Fig. 1.1. They
use squares instead of circles to represent proteins and their subchains, and show alter-
native layouts for the ligand auras. Some potential advantages of the design in Fig. 4.10
are the following. First, size (chain length) is now a function of one retinal attribute:
height. It may be easier for users to compare rectangle heights than circle areas (as in
PDQVis). Second, for massive datasets, rendering millions of rectangles may be quicker
than rendering the same number of circles or quadrics. Third, the ligand whiskers all
appear on the same side of the protein glyph. It may be easier to compare and contrast

30ur method of producing blur is to superimpose a halo which is the same color as the visualization
background and is transparent in direct proportion to the desired blur. This method could be improved
using, for instance, a gaussian filter on the glyph raster.
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whiskers with this layout, versus the radial one used in PDQVis, since there is a single
shared, positional scale for every glyph in a column (as opposed to a separate radial scale
for each glyph in PDQVis). As discussed above, the design in Fig. 4.11 makes it possible
to provide logical zooming for ligand auras. It also makes it possible to express more in-
formation about each ligand, (i.e. now each ligand is represented by a higher-dimensional
mark and not just a line); but this is subject to space constraints.

In the ideal case an optimal glyph design would be chosen from among several can-
didates through user studies.
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Chapter 5

Conclusions and Future Work

We have argued that large-scale overviews are needed as an efficient interface to rapidly
growing structure databases. We have proposed general design principles and concrete
solutions for such overviews.

User studies are needed to assess the value of dataset overviews in structural bioinfor-
matics. A first study might identify common knowledge-based tasks performed by PDB
users and, using the PDB’s web interface as a benchmark, measure the performance of
these tasks in overview-savvy applications like PDQVis and BioSpark. A related ques-
tion is: at which levels of zoom, and for which types of data, are table-based displays
preferable to other glyph layout strategies (e.g. PDQVis).

A third, more general question to be settled by user studies was hinted at in [WAMO1]
and has been foregrounded by our work on indicator function glyphs: How does axis
orientation (e.g. radial or horizontal) affect the interpretation and comparison of time
series and indicator functions?

The Sparkler [HHP*01] method for visualizing query results, discussed in Section 2.4,
could be hybridized with PDQVis as follows. Replace Sparkler’s document glyphs with
structure glyphs from PDQVis, while retaining Sparkler’s multi-query, relevance-based
layout. Said hybrid could enable users to interpret and utilize data, such as query results
from the PDB, more efficiently than either visualization in isolation.
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Glossary

The terms of the glossary are organized in order from simple to complex.

Data are raw symbols, devoid of meaning [BCMO04].

Data density or resolution is a measure of how much data is visible relative to the
amount of space used to display it.

The Protein Data Bank (PDB) is an online repository of structural data for proteins
and nucleic acids [KXdICT06]. We sometimes refer to individual entries in the PDB
as structures. The PDB is a key resource for biologists worldwide.

Information is data that has become meaningful through semantic associations [BCMO04].

Data mining is the extraction of useful information from data [Shn02]. Data mining
can be performed by human or machine. Visual data mining, as we will use the
term, is unique to the former. As with traditional forms of mining, data mining
entails exploration.

Knowledge, understanding, and wisdom are higher levels of cognition that build
upon information [BCMO04]. The science of supporting these cognitive functions
through visualization is closer to wisual analytics than information visualization.
We touch upon knowledge, understanding and wisdom only peripherally.

Knowledge crystallization is the process by which a person gathers data, makes sense
of it, and then arranges it for communication or action [CMS99, 10].

Retinal attributes are visual attributes of graphical objects. Examples include posi-
tion, size, color, orientation, motion and texture.

Glyphs are graphical objects whose retinal attributes are determined by data.

Sparklines are “intense, simple, word-sized graphics” [Tuf06a]. In principle, a sparkline
is a simple glyph. In practice, as established by Tufte, sparklines are distinguished
by their integral placement within larger blocks of text, compact size, or tendency
to depict time series data.
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Information design is the art and science of preparing data for efficient consumption.

Information visualization (infovis) is “the use of computer-supported, interactive,
visual representations of abstract data to amplify cognition” [CMS99]. Information
visualization pivots on the human visual system as a parallel, high-bandwidth chan-
nel from computer to human [NH06]. This channel can be leveraged to acquire and
process information.

Informally, information visualization is “using vision to think” [CMS99].

Scientific visualization (scivis) is the use of “interactive visual representations of sci-
entific data, typically physically based, to amplify cognition” [CMS99].

A visualization schema or transfer function is a map from data attributes to reti-
nal attributes. The development of an effective visualization schema is a core chal-
lenge in information visualization where the data are typically abstract. Unlike the
physical data used in scientific visualization, abstract data do not imply a natural
transfer to spatial position and other retinal attributes.

Working memory is the set of cognitive structures used to temporarily store and ma-
nipulate information. The precise theoretical and biological components of working
memory are open to debate, but it is widely accepted that working memory has a
small, finite capacity [Wik06c].

Cognitive load is a measure of how much of the total working memory is in use
[Wik06a).

Information Foraging Theory “holds that in seeking information, people act adap-
tively, attempting to arrange their activities so as to increase the amount of infor-
mation gained per unit cost consistent with the tools and information they have at

hand,” [CMS99, 579].

A Cost of Knowledge Characteristic Function measures the amount of informa-
tion available as a function of cost, typically measured in time [CMS99].

A knowledge crystallization task is one in which a person gathers data, makes sense
of it, and then expresses the result [CMS99].
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