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Abstract

In information visualization, as the volume and complexity of
the data increases, researchers require more powerful visualiza-
tion tools that enable them to more effectively explore multi-
dimensional datasets. In this paper, we discuss the general utility
of anovel visualization spreadsheet framework. Just asanumerical
spreadsheet enables exploration of numbers, a visualization spread-
sheet enables exploration of visual forms of information. We show
that the spreadsheet approach facilitates certain information visual-
ization tasks that are more difficult using other approaches. Unlike
traditional spreadsheets, which store only simple data elementsand
formulasin each cell, avisualization spreadsheet cell canhold anen-
tire complex data set, selection criteria, viewing specifications, and
other information needed for a full-fledged information visualiza-
tion. Similarly, inter-cell operations are far more complex, stretch-
ing beyond simple arithmetic and string operations to encompassa
range of domain-specific operators. We have built two prototype
systems that illustrate some of these research issues. The underly-
ing approachin our work allows domain expertsto define new data
types and data operations, and enables visualization experts to in-
corporate new visualizations, viewing parameters, and view opera-
tions.

1 Introduction

Spreadsheets have proven to be highly successful tools for inter-
acting with numerical data, such as applying algebraic operations,
manipulating rows or columns, and exploring “what—if” scenarios.
Spreadsheet techniques have recently been extended from numeric
domains to other domains [15, 10]. One possible further applica-
tion of the spreadsheet is to the domain of information visualiza-
tion, which often containsdatasetsthat arelarge, abstract, and multi-
dimensional. In addition, datasets can frequently be visually repre-
sented in multiple ways. In this paper we present a spreadsheet ap-
proach to the display and exploration of information visualizations.
We discuss how spreadsheet techniques provide a structured, intu-
itive, and powerful interfacefor investigating information visualiza-
tions of multidimensional datasets.

Information visualization systems confront such questions as
how to represent abstract datavisually, what typesof exploratory in-
teraction to include, and how to structure thisinteraction. Therefore,
certain capabilities are critical, such as exploring different views of
the datainteractively, applying operationslike rotation or datafilter-
ing to aview or group of views, and comparing two or more related
datasets. Theseoperationsare natural in aspreadsheet environment.
The value of a visualization spreadsheet is in enabling scientists to
build multiple visual representations of one or several datasets, per-
form operations on the visual representationstogether or separately,
and compare and contrast them visually.

Spreadsheets offer two key benefits to users of information vi-
sualization systems. These benefits derive from the way spread-
sheets span a range of application interactive alternatives. On the
one hand, spreadsheetsare of direct valueto end-users, becausethe

direct manipulation interface makes it easy to view, navigate, and
interact with the data. This style of interaction is common in ad
hoc spreadsheets that a user creates for a specific goal, such as to
comparethe lifetime cost of several alternativesfor a computer pur-
chase. Columns can be created for each component of the lifetime
cost—such as hardware, software, and maintenance—and rows can
be created for each type of computer. The resulting spreadsheet
makesit easy to explorethe alternatives, but requireslittle work be-
yond the minimum required to perform the calculations.

On the other hand, spreadsheets provide a flexible and easy-to-
learn programming environment. Spreadsheet developers create
templatesthat enableend-usersto reliably repeat often-needed com-
putations without the effort of development or coding. The success
of spreadsheet-based structured interaction eliminates many of the
stumbling blocksin traditional programming environments. For ex-
ample, the developer does not have to worry about the data depen-
dencies between datasets, nor do users worry about memory man-
agement. Behind the scene, these idiosyncrasies of programming
are taken care of automatically.

In this paper, we show how to use the spreadsheet paradigm to
ameliorate the following two issues. Within an information visual-
ization spreadsheet, much of the user interaction is the application
of operations, such as comparison, filtering, and animation. Within
each of these operations, there are sub-categories. For example, the
user can perform comparisons by looking at the visual representa-
tions of the data directly, or by computing the difference between
datasets. The required user support for these two types of compar-
isonsisquite different. Visual comparisonsrequire layout strategies
that enableviews of the data laid out side-by-side, whereas compar-
isons at the data level require difference operators to be defined at
the datadomain level.

In information visualization, another large problem involving
user-system interactions is the exploration of different methods for
representing data. For a given datatype, the perfect representation
hasnot yet been discovered, or aideal representation doesnot exist;
instead, what isrequired is several different representation methods,
because each method extracts different features out of the data. For
agiven datatypethereare several different representationsavailable
at the user’s disposal. Without some tools to help users to explore
this representation space, users are hopelessly lost.

What is exciting about the spreadsheet approachisthat it enables
information visualizers to solve both problemsin asingle environ-
ment. On the one hand, it facilitates the easy application of oper-
ations, such as direct manipulations of the visualizations, and the
entry of formulas that specify relationships between cells. On the
other hand, it also supports the exploration of different visual rep-
resentation techniques by emphasizing the operandsrather than the
operators. Unliketraditional data-flow programming environments
where operandsare invisible within the flow, a spreadsheetenviron-
ment emphasizes operands by displaying them in cells and instead
hides the operators.

The rest of the paper is structured as follows. In Section 2, we
describe past research related to spreadsheets. Section 3 describes
the prototypes we have built and the design constraints. Section 4



briefly describesthe example domains and prototypeswe have cho-
sen. Section5illustratesthe principles behind the utility of avisual-
ization spreadsheet. Finally, we present some concluding remarks.

2 Related Work

People havelong used tables to organize information. The spread-
sheet naturally extends the tabular organization of information by
allowing the user to specify and interact with the contents and the
interconnections of the cells. The spreadsheet paradigm has been
suggested in earlier works for domains such as images, volume vi-
sualization, and financial data. Here wereview the literature related
to spreadsheet-based visualization systems.

Tabular Organizations Mathematicians and statisticians have
long used tables of sine, cosine, and confidenceprobabilities. More
recently, the invention of the VisiCalc numerical spreadsheet in
1979 fueled the adoption of personal computers[3].

Statisticianshave examined visualizing higher dimensional point
setsby atable of projections. For example, onemultivariate analysis
tool is the scatter matrix, which is a table of scatter plots (see [6]).
Visualization researchers have applied similar ideas, but in differ-
ent ways, to produce atable of views of a single dataset [30, 2]. In
the scatter matrix, a statistics researcher may mark a datum in one
scatter plot, and the programwould then highlight the corresponding
point in all other scatter plots. These approachesrepresent alargely
static tabular approachto the data, but some interactivity is present,
such asrotations, translation, and zooming.

There are several distortion presentation techniques based on a
tabular layout [14] such as Document Lens[21], fish-eyeviews[8,
23], stretching rubber sheets [24].

Spreadsheets for Images Thefirst spreadsheetthat allowsthe
display of imagesin acell is ASP[19], but it contains no advanced
capabilities. Levoy’s “ Spreadsheets for Images’ system [15] and
Hasler et. al.’s 1SS system [10] examine ways to profitably extend
the spreadsheet paradigm to images (as well as to other datasets—
Levoy briefly mentions 3D volumes). For example, Levoy shows
how a spreadsheet can be used to examine an image processing
pipeline, and Hasler shows how many image processing tasks can
be efficiently organized in a spreadsheet system. Thesetwo systems
illustrate some of the capabilities made possible by extending the
spreadsheet paradigm to other domains.

Visualization Systems Interest in visualization-based user in-
terfaces has blossomed in the past few years, with systems de-
veloped for application areas from hypertext information to geol-
ogy, molecular biology, file system structure, and animal behavior
patterns. Large visualization systems contain modules that users
can hook together into a data-flow network to create visualiza-
tions. These systems offer many advantages for rapidly building
applications. The success of these systems attests to the utility of
modular, easy-to-use, extensible tools for visualization tasks. Ex-
amples of such systems include ConMan [9], AVS [29, 32], IRIS
Explorer [34], IBM Data Explorer [33], and Visualization Toolkit
(VTK) [25, 26].

Visual Interactive Spreadsheets Past work in the visualiza-
tion community has produced interactive tables for specific appli-
cations, and include systems such as TableL ens[20], FOCUS [27],
agraphical financial spreadsheet called FINESSE [31]. The Table-
Lenssystem[20], designed for browsing tabular numerical informa-
tion, looks much like a conventional spreadsheet with bar graphs.

The FOCUS interactive table, modeled after TableL ens, allows so-
phisticated navigation via sorting and hiding of information con-
tained in the table, but lacks editing capabilities [27]. FOCUS is
similar to TableLens, with the main difference between the two in
the interaction methods. TableL ens uses a fish-eye layout strategy
for display, whereas FOCUS uses a dynamic querying mechanism
asthe primary interaction method. FINESSE is a prototype system
designed for financial data, where the cells are on fixed grids and
contain four representation primitives—Iline plots, 3D surface plots,
heat maps, or 3D bar graphs.

The NoPumpG prototype [35] system abandons the fixed tabu-
lar grid of conventional spreadsheets, so all cells are free floating.
It allows the specification of line plots based on sliders attached to
variable values[35]. It is compared to a spreadsheet because of its
data dependency capabilities.

Spreadsheet for visualization is a natural extension of the above
ideas. Our work focuses on the area of information visualization,
and the issuesthat arise prominently in that domain. We build upon
the experiencesof other spreadsheetsmentioned above, and include
avariety of different visual representationsand operationsuseful for
interacting with the data. Theimage spreadsheets(11SSand Levoy’s
Sl) focused on images, and the associated image operations. We
take a similar approach to Levoy’s Sl system in using Tcl as the
command language, but we focus on the tasks and operation asso-
ciated with information visualization. Our work is most like FI-
NESSE [31], but differs from FINESSE becauseour prototypes al-
lows animation, dynamic visual filtering [5, 1], and dynamic map-
ping of variablesto representation. FINESSE hasa limited number
of cell primitives, whereas our prototype allows a wide variety of
geometric primitives, since our prototype is built on top of the Vi-
sualization Toolkit (VTK) [25, 26]. Using acommand language, our
prototype also allows users to construct their own visual represen-
tations of their data. FINESSE focuses on financial data, whereas
our system can be tailored to any information visualization tasks.
Lastly, in contrast to the visualization spreadsheet, existing large vi-
sualization systems are designed for viewing a single visualization
at atime. In adata-flow network, alarge amount of screen spaceis
devoted to the operators, rather than the operands. We believe that
for many applications spreadsheets can provide better interaction.

3 Prototype-Driven Approach

In this section, we present our research approach in building a
spreadsheet environment for information visualization. We discuss
our prototype driven approach to understanding the problemsin this
integration, aswell asthe basic underlying constraintsin our design.

3.1 Prototypes

We have taken a prototype-driven research approach in studying
how spreadsheet environments can be employed for visualization.
Tothisend, wehaveconstructed two prototype visualization spread-
sheet systems.

The first system is a domain-specific study on how spreadsheset
can be structured and used in performing specific tasks in analyz-
ing genetic sequence similarity reports, and is called “ Spreadsheet
for Similarity Reports’ (SSR). The systemisdesignedfor biologists
and their task of comparing similarity reports. SSR is built using
OpenGL and Motif using C++, and is built upon the ideasin a pre-
vious systemwe call “ AlignmentViewer” [4, 5]. It includesacom-
putational steering environment for rapidly executing the similarity
algorithm on multi-processor machines parallel using different al-
gorithm parametersand importing the data. For analysis, it provides
animation, filtering, and variable-to-axis mapping capabilities.



Thesecond systemisageneral visualization spreadsheet built on
top of the Visualization Toolkit (VTK) [25, 26]. We call this sys-
tem “ Spreadsheet for Information Visualization” (SIV, pronounced
“sieve”). We chose VTK becauseit provides an object-oriented ar-
chitecture with many pre-built objectsthat we can usefor exploring
the spreadsheet paradigm. Since VTK can be used in conjunction
with the Tcl command language and Tk widget toolkit, it facilitates
rapid development in an interpreted environment. The system can
also run on multiple platforms since VTK and Tcl/Tk are both avail-
able under Unix and Windows 95/NT.

3.2 Design Constraints

Our basic design constraints are the elements of a spreadsheet that
we consider to be “non-negotiable’. Let us discussthese below.

e The tabular layout has proven useful in numerical spread-
sheets, and has a number of advantages. First, it enablesusers
to enter datainto cells in various configurations. Second, be-
cause of its easy-to-comprehend structure, the cells are easily
to navigate to and from. Third, becauseit affords easy group-
ing, operations can be defined on rows and columns, or por-
tions of a spreadsheet.

e Cells are adapted to handle large datasets instead of a few
numbers. They handlevisual representationsof complex data-
typeswith text strings, hierarchical structures, and regular and
irregular shapes. These cells may contain references to other
datasets in other cells. Because spreadsheets now contain
groups of large datasets, users can now see much more than
just asingle dataset in an established context.

e Sincethe datasetsare no longer just simple numbers, the oper-
ations now consist avariety of operatorsfor different types of
datasets. Certain operators may take columns, rows, or a sub-
group of cells as operands. Alternatively, operators may dis-
tribute their operation acrossagroup of cells. Becausethe pri-
mary elementsarevisual, the vocabulary for the spreadsheetis
richer. Thisalso resultsin more difficultiesin the design of the
user interface for these operations.

One additional philosophical assumption is that since users are
accustom to to the spreadsheet metaphor, we expect user skills in
numerical spreadsheetsto transfer easily to thevisualization spread-
sheet. The existenceof avariety of operators may thwart this trans-
fer. The challengeis to design aintuitive interface for this wide ar-
ray of operators. Numerical spreadsheets map operators to textual
commandsto partially solvethis problem. Inthispaper, we examine
both command languages as well as direct manipulation interfaces
in an attempt to understand how these two techniques can be used
in a spreadsheet interface.

4 Domain Prototypes

In this section, we briefly describe the information domains on
which our test studies are based and the usage of our prototype sys-
tems. In Section 5, wewill further demonstrate the usage of the pro-
totypes in these domains, and at the same time, illustrate the prin-
ciples behind how the spreadsheet paradigm facilitates information
visualization tasks. The three domains are molecular biology, time-
series matrix visualization, and algorithm visualization. Each of
these domains illustrates specific problems we encounter in infor-
mation visualization analysis tasks. By using a task-centered ap-
proach, we show concretely how the visualization spreadsheet en-
ables usersto solve problemsin information visualization.

4.1 Molecular Biology

Biologists exploring DNA sequences often compare a given se-
guenceagainst adatabase of known sequences. Similarity search al-
gorithms produce reports indicating regions of similarity, and other
information useful to biologists. These reports can be tens or hun-
dreds of pageslong for one sequence.

Previously, we developed a system, called AlignmentViewer,
that allows visualization of the most prominent data in such re-
ports [4, 5]. The basic 3D visual representation of this data con-
sists of comb-like glyphs that show the different regions of simi-
larity, how similar they are, and where they occur along the input
seguence. (For example, seecell A1 in Figure 1.) The user can ex-
plore the data further by such means asinteractively rotating, trans-
lating or scaling the representation, following ahyperlink to the tex-
tual report, mapping the data into a different geometric represen-
tation, animating the information over a variable, and filtering the
data. The report data has many variables, and only a small number
of them can appear in a single 3D visualization. AlignmentViewer
mitigates this problem by enabling the user to selectively map the
data dimensions onto 3D space, and allowing dynamic filtering of
thisdata. In addition to dynamic query capabilities, we also support
several types of animation along any of the dimensions, enhancing
the display to 4D.

We chose this data domain for a number of reasons. First, it has
anumber of properties similar to many datasets we encounter inin-
formation visualization: (1) The similarity reports are highly tex-
tual, and (2) the similarity relationships between items are an im-
portant visualization problem. Second, we are collaborating closely
with molecular biologists who can interact with us on a day-to-day
basis. This allows us to directly support their information analy-
sistasks. For example, they have found the ability to compare vi-
sualizations for related sequences useful, and have specifically re-
quested the ability to apply a number of different operations to the
visualizations simultaneously. This close collaboration has allowed
usto directly capture many of the requirements of building a visu-
alization spreadsheet.

Using AlignmentViewer asabasis, we built our first prototypeto
support the analysis tasks carried out by molecular biologists. Fig-
ure 1 shows a snapshot of an example session. The cells are loaded
with similarity data between genetic sequences. Each comb glyph
within acell representsan alignment, which isaregion of similarity
between the input sequenceand a sequencefrom the database[4, 5].
Thefigure isthe result of athree step operation:

Step 1 Each columnisloaded with adifferent dataset generated from
the same input sequence by varying one parameter of the al-
gorithm. Here, we change the parameter that is used to spec-
ify the sensitivity of the algorithm with respect to distantly—
related versusclosely—related sequences. We decreasethe dis-
tance from far to near in columns 1, 2, and 3, respectively.

Step 2 We select Row B and then subtract cell A3 from each cell in
that row. Thus, B1 = B1 — A3, B2 = B2 — A3, B3 =
B3 — A3.

Step 3 At this point, cellsin Row C and D still contain the same
datasets as the corresponding cellsin Row A. We changethe
variablesthat arerepresented onthe X, Y, and Z axis, resulting
in different views of the datasets.

4.2 Time-series Matrices

Besides similarity data, a time-series of matrices is another type of
data that presents challenges of the type commonly encountered in
information visualization. Two major difficulties arise in dealing
with time-series matrices. The first difficulty is to identify differ-
encesin the matrix values between successivematrices. Thesecond
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Figure 1: A screen snapshot of the first system (SSR) after performing three operations. (Step 1) Initialy, we loaded each column with a
slightly different, but related, dataset (A1 = B1 = C1 = D1, A2 = B2 = C2 = D2, A3 = B3 = (3 = D3). (Step 2) We selected Row
B, andthen subtracted cell A3 fromit (B1 = B1— A3, B2 = B2— A3, B3 = B3— A3). Cell B3 containsthe empty set as expected. (Step
3) We changed Row C and D to show different views of Row A. The views show different sets of variables using a different representation,
thusincreasing our ability to see other dimensions of the multivariate datasets simultaneously.



difficulty isthat there are many visual representationsthat can beap-
plied. For example, the” cityscape” representation showsthe matrix
values as 3D bars, whereas the " heatmap” representation show the
valuesascolored tiles [28]. Different representationsextract differ-
ent features, so an easy way to view and explore these several rep-
resentations simultaneously is needed. Fortunately, the spreadsheet
environment is excellent for dealing with these difficulties.

We encountered two matrix series in trying to solve problems
with molecular biologists, who are interested in studying the ef-
fect of mutation and natural selections on genetic sequences. Nat-
ural selection accepts certain mutations, which result in the substi-
tutions of one protein residue by another residue. For a mutation
to be accepted, the protein usually must function in a similar way
to the old one, presumably due to chemical and physical similari-
ties. PAM and BLOSUM are two series of matrices with each ma-
trix representing substitution probabilities at a given evolutionary
distance[7, 11]. Thetwo matrix series were calculated from differ-
ent sets of information sources. An element A;; of amatrix speci-
fiestherelative probability that the amino acids: and 5 will be sub-
stituted after a given evolutionary interval. A positive entry speci-
fies an accepted mutation that is more likely than random, whereas
anegative entry specifieslesslikely than random.

The detailed nature of this series of matrices results in a large
amount of information [7]. For example, these matrices are used in
the calculation of similarity between sequences. Unfortunately, the
computational molecular biology community have not applied vi-
sualization techniques to these matrices. To be sure, biologists are
very interested in understanding the nature of these series of matri-
cesdueto their mathematical and biological complexity. The com-
putational molecular biology community seeksto understand these
matrices, because the choice of which matrix to employ is depen-
dent on the situation.

We have used the SIV system (the second prototype) to try to
gain a better understanding of these matrices. We used our system
to compare the two matrix series (PAM and BLOSUM), and found
that the ability to quickly bring in data and lay them out in differ-
ent waysto be extremely useful. For example, after 7 lines of com-
mands, the last row shows the BLOSUMG62 matrix. To understand
the differences between the matrices, it isimportant to be ableto vi-
sually compare a number of different matrices simultaneously. In
Figure 2, the first, second, third, and fourth rows of cells visualize
the PAM40, PAM 120, PAM250, and BLOSUM62 matrix, respec-
tively. Thefirst column uses a cube representation that maps posi-
tive matrix valuesto the volume, height, and color attributes of the
cubes. The second column uses a carpet plot that maps values to
the height and color of a3D surface (using arainbow colormap with
negative entry mapped to red). The third column uses a bar repre-
sentation that maps valuesto the length, height, and color attributes
of the bars. Thefourth column showsvariousrepresentationsin dif-
ferent rotational configurations.

In Figure 2, by vertically scanning the spreadsheet, the user can
detect differences between matrices quickly. As we can see from
all the columns, the diagonals of these matrices have strong values,
which makes sense since the identity substitution (no mutation) is
favored by evolution. From the second column we see that the ma-
trices are quite different becausethe colors get brighter and brighter
fromtopto bottom. Thelast row showsthe BLOSUM62 matrix, and
we seeitsvaluesare clearly different from any of the PAM matrices
shown.

4.3 Algorithm Visualization

A third domain we examined is algorithm visualization. In the past,
algorithm visualizations have used animation techniques and se-
quential layouts to show successive steps. In Section 5, we show
how a spreadsheet can be used to easily construct both animations

and tabular layouts of stepsfor 3D Delaunay triangulation. We also
show how we can utilize multiple visual representationsto enhance
the comprehensibility of the visualization. We usethis algorithm as
an example of how algorithm visualization can be supported in our
visualization spreadsheet.

The algorithm generates 3D random points using random num-
ber generators, and then forms tetrahedra from the points using De-
launay triangulation. Delaunay triangulation has been used in sci-
entific and information visualization domainsto generate structures
around points. 2D Delaunay triangulation is an optimal triangula-
tion and has a number of interesting properties, such asmaximizing
the minimum angles. However, 3D Delaunay triangulation is much
more complicated than 2D, and is amore complex algorithm. Even
though the problem of 3D triangulation iswell studied, it isstill non-
intuitive for many people. So visualization techniques can help in
gaining better insightsinto the algorithm.

Figure 3 showsthe S|V spreadsheet system|oaded with this data.
The columns show the results of the algorithm after 5, 6, 25, and 50
steps, from left to right respectively. Row 1 showsthe point set us-
ing 3D scatter-plots. Row 2 shows the same data using transparent
tetrahedra after 3D Delaunay triangulation has been performed on
the point sets. Row 3 representsthe tetrahedra using edges between
vertices. The last row aggregatesseveral cells together to form new
visualizations. The combination of geometries from severa cells
results in visualizations that show differences between successive
steps of the algorithm.

5 lllustrated Principles

Via examples in this section, we illustrate how the spreadsheet
paradigm facilitates data exploration by enabling researchersto vi-
sually compare different valuesin the cells, perform simple alge-
braic operations between the values, construct different views and
animate the visualizations. We first show how the spreadsheet lay-
out enables comparisons between cells. We examine two tech-
niques for performing this layout operation—direct manipulation
and loading a command script. We then show how users can use
the spreadsheet for prototyping visualization representations. Fi-
nally, we show how users can take advantageof the properties of the
spreadsheet to perform operations between cells. By equipping the
user with a set of operations, the user can explore datasets in their
unique situations by combining the operationsin various ways.

5.1 Custom Tabular Layouts Enable Comparisons

The advantagesof the tabular layout are that it is familiar, flexible,
easily configurable, and excellent for interactive comparison tasks.
These advantagesare evident in numerical spreadsheets, and trans-
late easily into visualization spreadsheets. Users can construct their
own configurations in situations that programmers cannot foresee.
Because users are familiar with tables, they can immediately start
organizing their data in this spreadsheet metaphor. This flexibility
iswhat contributed to the successof the numerical spreadsheets. It
can betailored to multiple situationsin asingle tool that is both easy
to understand, aswell as easy to configure.

For example, comparison tasks are commonplace in numerical
spreadsheets, therefore these tasks are easily supported by the vi-
sualization spreadsheet. For easy comparison in numerical spread-
sheets, users often put two numbers next to each other or load two
sets of numbersinto adjacent columns. Similarly, in the visualiza-
tion spreadsheet, users layout two datasets next to each other, or
compare two groups of data using adjacent columns. By allowing
users to enter data into cells in various configurations, the spread-
sheet supports a variety of different tasks. In the following exam-
ples, we show how this technique can be adapted in a visualization
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Figure2: Visualization of time-series matrices. The visualizationis built using the second system (SIV). The screen snapshot showsvisualiza-
tions of protein residue substitution probability matrices of various evolutionary distances. The first, second, and third rows visualize matrix
40, 120, and 250 from the PAM matrix series. The fourth row visualizesmatrix 62 from the BLOSUM matrix series. The first column usesa
cube representation that maps positive matrix valuesto the volume, height, and color attributes of the cubes. The second column uses a carpet
plot that maps valuesto the height and color of a3D surface. Thethird column usesabar representation that mapsvaluesto the length, height,
and color attributes of the bars. The fourth column shows various representationsin different rotational configurations.
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Figure3: Visualization of 3D random point generation and Delaunay triangulation of the  AddCel | 4.1 3.23.12221;
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spreadsheet to show different datasets, different visual representa-
tions, and several time stepsin the time dimension.

The tabular organization of the spreadsheet enables the user to
immediately detect differences between the visualizations of differ-
ent datasets. For example, even viewers without experience with
molecular biology can see that the general structure of the datasets
in Figure 1 are similar, but that some alignments that are present
in cells A2 and A3 do not appear in ALl. Users can now take ad-
vantage of their visual comparison abilities to detect differences be-
tween datasets.

Users of the spreadsheet can also useit to compare different vi-
sual representations. In Figure 2, the tabular layout is used to show
different visual representations in different columns. Across each
row, the valuesin the cells are the same. The visual representation
in each cell of arow hasbeen changedto bring out different features
of the dataset.

The columnsand rowsof the tableincreasethe number of dimen-
sionswe can seesimultaneously. In Figure 3, the columns show sev-
eral snapshotsof the steps of the 3D Delaunay algorithm. So in this
case, the columns are used to represent the time dimension.

Asthe above examples show, the tabular layout is one of the rea-
sonswhy spreadsheet-based environments are so powerful. Theor-
ganizationisfamiliar to users, and simple direct manipulation oper-
ations can be used to rotate contentsin the cells. It can be custom
tailored to individual situations on-the-fly.

5.2 Direct Manipulation and Command Languages

How to access and apply operations is an important aspect of the
spreadsheet. We examined two different methods for performing
spreadsheet operations.

Thefirst method is adirect manipulation interface corresponding
to a“noun-verb” model, where the user first selects agroup of cells
(the noun), and then applies an operation (the verb) to those cells.
The operation is specified using a combination of menus and dia-
log boxes. For example, to set up the similarity datain Figure 1, the
user first selectsacolumn of cells, then performsasingleimport op-
eration of alarge dataset into those cells. Some example menusand
dialog boxesused in SSR systemis shown in Figure 4.

The second method is a command and script language based in-
terface. The user caninteractively enter commandsin an entry box,
similar to atraditional numerical spreadsheet. Alternatively, shecan
write ascript file and load in the script. For example, she can define
alayout by writing a script that specifiesthe datasets and the repre-
sentation method used for each cell. Thescript file can contain other
non-layout commands such as animation, or even define new com-
mands. In Figure 2, we can seein the history window, the user has
just loaded a script with a pre-defined layout.

The command language can al so be used to definemodulesto ex-
tend the spreadsheet, such asfile input modules or modulesthat de-
fine a visual representation for a given data type. To use the mod-
ule, the user simply loads the module, and the new commandsin
that module become available to her. For example, in Figure 2
the user programmed new modules that implement new represen-
tations for matrices using the command language. The command
language we defined for the visualization spreadsheet includes op-
erators such as AddCel |, SubtractCell, Scatterplot,
ReadBi oMvatri x, and Car pet pl ot. The operators follow
the convention of “conmand result argunents”, where
conmand operates on the ar gunent s and puts the outcome in
cellresul t.

From our experience of the two systems, we believe a combi-
nation of the two approaches is appropriate for the visualization
spreadsheet. The advantagesof amenu-based interface arethat it is
relatively intuitive to use for first-time users, and training time for
new usersis short. However, becausethere are many functionalities

(b) The mapping dia-
log box.

(& The man popup
menu is accessed by
holding down the right
mouse button.

(c) The animation dia-
log box.

Figure 4: Our spreadsheet visualization system for molecular bi-
ology uses a direct manipulation interface with menus and dialog
boxes, which makes the system easy to use.

in avisualization spreadsheet system, thereis the danger of creating
alarge number of menus with no structure to them. Menu systems
also tend to slow down frequent knowledgeable users. The advan-
tages of a command language based interface are its flexibility and
its appealsto power users. Command languagescan also be used to
construct macros so complex tasks can be performed rapidly. The
disadvantages are that command languages are difficult to master
and require substantial training and memorization.

5.3 Exploring Visual Representations

For a given data type, there are many visual representation tech-
niques to choose from. Often, a technique contributes to the find-
ing of one visual feature, while another visually extracts a different
visual feature. Fortunately, the spreadsheet environment assists in
the organization and display of various visual representations. Be-
cause our system can be easily extended to handle new techniques,
it allowsusto quickly prototype and compareseveral representation
techniques. Here we show this flexibility in all three datadomains.

By constructing several modules for different visual representa-
tions of matrices, we used the SIV spreadsheet to answer specific
scientific questions on protein residue substitution time-series ma-
trices. For example, we used it to discover several novel patterns
in these matrices. In Figure 2, the cube representation used in the
first column shows the interesting variation of the diagonal entries
more clearly than the other representation methods. The entry rep-
resented by the orange cube varies more than any other entry. The
carpet plot technique used in the second column shows that the ma-
trices havedifferent rangesof values (i.e. the colors get brighter and
brighter from top to bottom). In the third column, the bar-plot tech-



nique makes comparing a specific entry from matrix to matrix easy,
and shows shows the overall trend of most off-diagonal entries to
decrease.

The agorithm visualization of Figure 3 shows several different
visual representationsof arandom 3D point generator. Row 1 shows
the results of the random point generator as 3D scatter plots. We can
seethe spread of the points quite well in this representation. Row 2
showsthe same data using transparent tetrahedra after 3D Delaunay
triangulation has been performed on the point sets. Through inter-
activerotation, thisrepresentation givesa better view of therelative
placement of the points. It also shows the convex hulls of the point
sets, and how the hulls changebetween steps of the algorithm. Row
3 representsthe Delaunay triangulation as edgesrather than tetrahe-
dra, thus giving abetter view of theinterior structure of the triangu-
lation.

Like SIV, SSR also allows changing of visual representation for
similarity reports. A mapping tool enablesthe user to choosethege-
ometric representation used by the cell(s). In Figure 1, the cellsin
Row C and D contain the same datasets as the corresponding cells
in Row A, but we changed the mapping in Row C' and D to show
different variables of the similarity report. In this organization, the
cellsin agiven column represent the same value; however, each row
offers adifferent view of the data. The ability to map different vari-
ablesto different axesin different cellsresultsin animproved ability
to see more variables simultaneously. (In SSR, al these operations
are accomplished viaaclick-and-point interface. The user loadsthe
columnswith data one column at atime, and changesthe mapping
of the data of each row using the mapping tool dialog box. Shown
in Figure 4, the mapping tool is implemented as a pull-down menu
for each axis.)

Our experience showsthe elegant organization of the spreadsheet
allows interesting ways of combining different visual representa-
tions of the underlying data. Userscan compareand visually extract
different features from the different representations. The spread-
sheet environment equips users with the necessary tools to explore
the representation space.

5.4 Application of Operators

In the process of data exploration, a large amount of user interac-
tion is the application of operators to datasets. The visualization
spreadsheet facilitates these interactions by enabling users to ex-
plore’what-if’ scenariosin a structured environment. For example,
users can copy and then modify the contents of a cell, or perform a
operation on two cells and put the result in athird cell. Whereasthe
application of operators haslargely beenviewed as aseguential pro-
cessin other environments, the spreadsheet environment is capable
of supporting non-sequential spontaneousexplorations.

In the algorithm visualization of Figure 3, we show how the vi-
sualization spreadsheet can be used to quickly perform operations
between successivesteps of the 3D Delaunay triangulation. For ex-
ample, by adding the geometric contents of cells together, the user
can aggregate representationstogether to create new representations
that show differences between the steps of the algorithm. Row 4 is
the result of performing the following operations:

AddCel |l 41 3.2 3.1 22 2.1;

AddCel | 4.2 33 32 23 2.2;

AddCel |l 4.3 3.4 3.3 2.4 2.3;

AddCel |l 4.4 3.4 3.3 3.2 3.1;
CellsCy 1, Cy 2, Cy 3 showsdifferences between steps of the algo-
rithm. Cell C4 1 showsthedifference between step 5 and 6, whereas
C4 » showsthe difference between step 6 and 25. We can seewhere
new points were added into the point set, as well as the structural
changesin the convex hulls between steps. In cell Cy 3, we seethe
convex hull after 25 stepsisamost completely embeddedinside the
convex hull obtained after 50 steps. We see the blue surfaces and

vertices where the convex hull has not changed. Cell C4 4 shows
the aggregate of adding all of the stick modelsin Row 3 together.
Theserepresentations are discovered after many iterations of trying
different combinations of the points, sticks, and surface representa-
tions of the datain Row 1, 2 and 3.

The spreadsheet paradigm also provides a simple interface for
performing operations such as set subtraction or addition. Usingthe
similarity report examplein Figure 1, let usdemonstrateby first con-
structing Row B asaduplicateof Row A, then subtract cell A3 from
eachcell. Thus, B1 = B1—A3,B2 = B2— A3, B3 = B3 — A3.
Cell B3 containsthe empty set asexpected. Cells B1 and B2 show
alignmentsfound by using far evolutionary distance parameters, but
not by the near evolutionary distance parameter used in A3. The
subtraction operationis atypical caseof comparing two similar, but
not identical datasets, something of interest to researchersin many
fields. The spreadsheet approach makes such algebraic manipula-
tions straightforward.

These algebraic operations can take on multiple semanticsat dif-
ferent levels. At the low level, we can capture the cell images and
perform image subtractions, which is done by subtracting corre-
sponding pixels. At the mid level, we can perform geometric unit
algebraic operations. In VTK, these geometric units are called “ ac-
tors” in the scene. We can defineactor objectsand algebraically add
them to or subtracting them from the scene. At the high level, we
can perform subtractions based on domain semantics. For exam-
ple, inour similarity report example above, the valuesare the sets of
alignments, and we define two alignmentsto be equal if they share
aregion. Likewise, high-level algebraic operationsin other infor-
mation visualization domains should be based on domain-specific
semantics.

Within the domain-specific semantic level, sometimes there are
several possible definitions for the operator. For example, the set
difference operator aboveisonly one of the three possibleinterpre-
tations. We actually definethree different types of equality between
alignments, resulting in three difference operators. Thethree equal-
itiesare name, overlap, and exact. In name equality, two alignments
are considered equal if they occur in the same database sequence. In
overlap equality, the alignments must also share an overlapping re-
gion. In exact equality, the alignments must share the same exact
region.

Other than algebraic operators, our systems also provide other
operations, such as animation and filtering. The algorithm anima-
tion example can be visualized as an animation of steps across the
rows. The SSR system also provides animation, aswell asdynamic
query filtering capabilities. The animation tool provides accumu-
lative, or sliced animation over any variable [5], and adds an extra
dimensionto the spreadsheet. A synchronizedanimation can be per-
formed on agroup of cellssimultaneously. In Figure 1 for example,
suppose we are interested in the distributions of the lengths of the
alignments, so we animate the cells over the length variable. Ani-
mation shows the extra alignmentsin Cell A2 are short alignments
when compared to the alignmentsin A1. A filtering tool enables
the user to explore subsets of the data. When the user interactively
adjustssliders controlling each variable, the view is updated in real -
time. Using thefiltering tool, closer inspection reveal sthat the short
alignmentsin A2 are between 11 and 29 residueslong.

One common, but just as important, interaction is the applica-
tion of direct manipulation operations such as rotation, translation,
and zooming. Performing these operations in a spreadsheet envi-
ronment does have aninteresting twist. Often we want to be ableto
apply the same operation to multiple cells simultaneously. We have
implemented this feature in both systems, and have found it to be
extremely useful for comparison tasks. For instance, the user can
click on the first row button in Figure 3 to select the first row. Then
she can perform rotations simultaneously on all of the cellsin that
row, giving arotationally-coordinated view of thedata. Thisfeature



is useful in this situation because we want the scatter plot to be in
similar orientations to provide correspondence between the points
in different cells. Similarly, we found the ability to propagate these
view changesto be highly valuable in the matrix visualization ex-
ample of Figure 2. By selecting a row, we can compare the various
visual representations in the same orientation. Or alternatively, we
can select a column and compare different matrices using the same
visual representation.

6 Conclusion

Visualization research spans a remarkable range of scientific disci-
plinesand corresponding visualizationtechniques. Visualizationre-
searchers have discovered that certain operations are needed across
this entire range. These operations include comparing visualiza-
tions of two different datasets, aswell as performing algebraic oper-
ations on two or more visualizations, such as visualizing the differ-
ence between two datasets. Furthermore, the need to explore mul-
tiple visual representations simultaneously arises especially in in-
formation visualization, because different techniques often extract
different visual features and the complexity of the data. A visual-
ization spreadsheet is an excellent way to address these issues that
involve multiple visualizations.

Over the past year we have learned that the spreadsheet approach
is a powerful and intuitive technique for interacting with 3D infor-
mation visualizations. In this paper, we showed that a visualiza-
tion spreadsheet supports information visualizers as they are con-
fronted by the challenge of visualizing a wide variety of differ-
ent types of data. Two types of interaction tasks are important to
the users. One is being able to quickly prototype an application
for interacting with data. The other is being able to apply opera-
tions such as compare/contrast, rotation/transl ation/zooming, filter-
ing/sorting/searching and other domain-specific operations. Thevi-
sualization spreadsheets described in this paper have proven useful
in the abovetwo tasksin the domainswe examined—visualizing se-
guence similarity datain molecular biology, two sets of time-series
matrices, and visualizing the stepsin the 3D Delaunay triangulation
algorithm.

For each domain, we showed how our prototype spreadsheetsen-
abled usersto compare visualizationsin cells using the tabular lay-
out. Using these domain examples, we also showed how users use
the spreadsheet to display, manipulate, and explore multiple visual
representation techniquesfor their data. By applying different oper-
ationsto the cells, we showed how visualization spreadsheetsafford
the construction of 'what-if’ scenarios. The possible set of opera-
tions that users can apply is now arich set of domain-dependent as
well as domain-independent operators, such as animation, filtering,
and algebraic operators between cells. Subtraction between cells,
for example, can be applied both at the pixel level aswell as at the
geometric-object level. Other operations may now be coordinated,
such as applying the same rotation manipulation across a group of
cells.

We also examined the differences between two interaction
styles—command language and direct manipulation. Our first pro-
totype for visualizing sequence similarity data uses the noun-verb
direct manipulation model. We find that this interaction style is
somewhat | essflexible than acommand language, but supports most
of the needed flexibility in an easy-to-use framework for a special-
ized domain. The command language used in the second prototype
is based on Tcl, and is considerably more flexible for users to de-
fine their own macros and modules. It also allowed expert usersto
quickly perform a number of complex operations.

The spreadsheet approach is a powerful and intuitive technique
for interacting with the information visualizations in a structured
way. Further researchisneeded to understandthe propertiesof visu-
alization applications that work well in spreadsheets, to investigate

the appropriate user interfaces at all levels, and to develop aframe-
work to enable rapid development of visualization spreadsheet ap-
plications.
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