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Abstract In addressing these issues, we had to balance performance, flexi-

. . - bility and expressibility, and the amount of user expertise required.
In this paper, we focus on some of the key design decisions we facedWe discuss the tradeoffs involved throughout the paper.

during the process of architecting a visualization system and present o e )
some possible choices, with their associated advantages and disadﬁui-:—(;]i(relsead\izljgilzs;?oens fglL\ng\tl\in;n ?hligrgf(;cce%gti)gh ﬂ}icpene)gei:svg
vantages. We frame this discussion within the context of Rivet, four bagsic steps: ) y P p
our general visualization environment designed for rapidly proto- o ps: . . .
typing interactive, exploratory visualization tools for analysis. As - Design: the designers must decide how to visually represent
we designed increasingly sophisticated visualizations, we needed _ e data.and which interactions are needed. )
to refine Rivet in order to be able to create these richer displays for 2. Build: given this design, they then need to actually build the
larger and more complex data sets. tool. o _
The design decisions we discuss in this paper include: the in- 3. Use: the tool is given to end users to analyze their data.
ternal data model, data access, semantic meta-data information the 4. lterate: with use, various refinements are usually needed, such
visualization can use to create effective visual encodings, the need as collecting different data, changing the visual representa-
for data transformations in a visualization tool, modular objects for tion, or adding additional user interaction capabilities.
flexibility, and the tradeoff between simplicity and expressiveness While there are other ways of describing the process of building
when providing methods for creating visualizations. a visualization, we use these four steps to help frame the discus-
sion in this paper. Specifically, given that the design decisions we
1 Introduction discuss in this paper primarily deal with underlying infrastructure
issues, such as data management, rather tharighal design, our
Over the past five years, we have tackled many real-world analy- primary focus is on steps (2) and (4) above. Specifically, all of the
sis problems using visualizations built within the Rivet visualiza- data choices (choosing a data model, importing data, supporting
tion environment [Bosch et al. 2000], including mobile network vi-  data transformations, and adding meta-data information) need to be
sualizations [Bosch et al. 2000], the Polaris user interface [Stolte addressed when building a visualization. In contrast, choosing the
et al. 2002b][Stolte et al. 2002c] and several multiscale visualiza- granularity of objects (data, visual, and interaction) and deciding
tions [Stolte et al. 2002a]. Over this period, as we have gained ex- petween specification and scripting also occur in the build step but
perience and tackled successively more complex and difficult prob- mainly impact how easy it is to iterate through the design process.
lems, we have needed to revisit certain design issues. These steps apply in the design of both highly customized tools,
The design choices we faced as we refined Rivet ran the gamutsuch as comparing trees, as well as in the design of much more gen-
from architecture refinements for handling more sophisticated data eral tools. Thus, the same design issues are faced regardless of the
sets and visualizations to implementation issues. This paper dis-type of tool being built. The main difference will be that different
cusses the following major design issues: choices may apply depending on the specific tool being built. Our
1. Data Model: a data model can simplify the user's task by pro- goal in this paper is primarily to explain these issues and some of
viding an easily understood abstraction and flexibility in the the tradeoffs involved in possible design choices. We also explain
analyses that can be performed on the data. our own decisions and discuss alternative choices, thus reducing the
2. Data Access: the visualization tool should adapt to the user duplication of effort and the time needed to create visualizations.

; The layout of the rest of this paper is as follows. We first present
and make data access easy, rather than making the user adapt """ - . .
to the tool. 4 9 pa review of the original architecture of Rivet [Bosch et al. 2000]. We

L then visit each design decision in turn, presenting the problems we
3. Data Transformations: because users want to be able to trans,ceq the possible choices and their ramifications, and the decision
form data during the process of analysis, visualizations need e made and the associated advantages and disadvantages. Related
to provide transformation capabilities. work will be presented throughout these sections, focusing on the
4. Sophisticated Meta-data: to create effective visualizations and aspects that are relevant to the issue being discussed; note that many
support the analysis process, a visualization tool can take ad-of the systems being discussed are quite large and complex and
vantage of more semantic information than is usually pro- also address many issues that are beyond the scope of this paper.
vided. We conclude and present directions for future work in Sections 9
5. Modularization of Data, Visualization, and Interaction Ob- and 10.
jects: finding the right granularity and API of objects allows .
us to combinatorially interchange and combine objects for 2 Background: Rivet
maximal flexibility and extensibility. The original architecture for Rivet consisted of four basic portions:
6. Specificatiorand Scripting: rather than providing only a pro-  the data model, the visual objects, the mapping from data values to
grammatic or only a descriptive interface, we gain power and visual representations, and the user interaction components [Bosch
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simplicity by using specification and scripting together. etal. 2000][Bosch 2001]. The key design decisions in Rivet focused
on modularity: choosing the right granularity for objects in order to
*Now at Google Inc., e-mail:diane@google.com maximize flexibility.
Te-mail:cstolte@cs.stanford.edu Originally, Rivet used only basic meta-data consisting of field

*Now at VMware, Inc., e-mail:rbosch@vmware.com names and types and a simple relational data model (i.e., tuples and



tables). Because of the focus on computer systems data, which of-charts, etc.). Additionally, it provides a general abstraction layer so
ten lives in log files, the only data import functionality was regular that all data sources look equivalent (see Section 4: once the data
expression parsing of flat text files. Rivet also provided internal is in the visualization model, it does not matter to the user whether
transformations, which, because they took tables as input and out-the data comes from a flat file or a data warehouse), and it provides
put, could be composed into an arbitrary transformation network, a general interface to data transformations: the input and output of
with every intermediate result visualizable. data transformations look equivalent, so that data transformations
Visually, Rivet used the notion of metaphors and primitives: can be composed regardless of their actual implementation.
Metaphors draw tables by laying out tuples spatially within the dis-  Conversely, one disadvantage to this model is that it assumes
play, and primitives generate a visual mark for each individual tu- some homogeneity to the data. Some types of data, such as graphs
ple. Selectors identify data subsets and can be used to determiner ragged trees, are difficult to represent using the relational model.
which tuples to highlight or elide. Furthermore, even given such a representation, some data transfor-
Some of the issues we discuss in this paper describe how andmations, such as a prefix tree traversal, can be non-trivial. This
why we modified the Rivet architecture. Other portions of Rivet limitation is especially problematic since this type of data is some
remained stable. Rivet still uses encodings to map data values toof the richest and most interesting data to visualize. For these data
visual representations, with metaphors using spatial encodings tostructures, having a custom data model may be a solution that is
determine the position and bounding box of tuples, and primitives both easier to design and likely to yield better performance than the
using retinal encodings [Bertin 1983] to determine the visual prop- more general relational model.
erties, such as color and size, when rendering a particular tuple. Another disadvantage that we discuss here is that certain data
Rivet uses an event model, with objects raising events in re- analyses are difficult to perform using the relational model. While
sponse to user actions such as mouse clicks. To build visualizations,some queries, such as spatial queries or dynamic queries (e.g., fast
users write scripts that determine how data is imported, link data to computation of filters), can be done using specialized indices or
visual objects, and bind actions to these events to create the effectglata structures, one type of query that is inherently difficult to per-
of the user interaction. These actions can consist of an arbitrary form in the relational model is data reshaping, such as transposing
sequence of operations, as created by the script-writer. For exam-a relation representing a correlation matrix [Wilkinson 1999]. For
ple, the script-writer chooses whether a mouse event that leads toexample, consider a data set containing microarray data, with each
a zoom corresponds to a semantic or optical zoom. Rivet also usesmicroarray having an expression level for a set of genes. One way
the listener model to propagate updates, so that if the user changeso structure the data is to have each tuple (row) represent a microar-
a filter, all associated data transformations are updated, which thenray and each column represent a gene, so that each tuple contains
updates the associated visual representations. all the expression levels for the genes. This structuring of the data is
This architecture allowed us to create many interactive visualiza- compact, but limits the set of possible analyses; for example, while
tions for exploratory data analysis. However, as our visualizations we can group and filter by the microarrays, we can only filter the
became more sophisticated, we needed to revisit our design deci-genes. We cannot group by the genes since they are in the columns
sions in order to provide increased functionality and generate more rather than the rows. Another way to structure the data is to have
effective visualizations. The rest of the paper discusses these desigrthree columns in each tuple, with one column for the gene name,

decisions both in general and within the context of Rivet. another column for the microarray data, and a third column for the
. expression level. This structuring is less compact but more flexible.
3 Data Model and Representation This example illustrates that the data organization impacts which

analyses can be performed, therefore impacting the flexibility of
the visualization tool as well.

_ Given these advantages and disadvantages, we now discuss some
nuances to the relational model, especially in comparing the needs
of a visualization tool to the more general database implementa-
tions.

In the database community, the term “relational model” encom-
passes several concepts: the actual data structure (tuples and re-
be done within this data model? lations), the data organ_ization (normalized versus de-normalized

L . . . schemad), and the relational algebra and query language for data

* Meta-data: what meta-data information goes along with this \aninyiation. In this section, we focus on the first two aspects of

type of data model? ) _ ) the relational model and the associated advantages and disadvan-

* Moduralizing data, visual, and interaction objects: How eas- {ages, as well as other possible data model choices. Data query and

ily can this data model be mapped to a visual representation? gnalysis are discussed further in Section 5.
Different visual representations? In the database community, the standard relational model has a
~One common data model used in visualization systems, espe-data structure consisting of unordered sets of tuples (e.g., facts or
cially general visualization tools, is the relational model (essen- rows in a table), and tables consisting of homogeneous tuples. The
tially, a tuple- and table-based model). Before we delve into a ynordered and homogeneous nature of tuples in a relational table
detailed discussion of some nuances of the relational model, weis insufficient for visualizations because orderings are often needed
discuss its overall advantages and disadvantages. both for analytical (discussed more in Section 5) and for drawing

The relational model has several advantages. It provides an easypurposes: tuples are drawn in back-to-front order, and nominal do-
to-understand conceptual model for the user. It is also easy to mains, which are traditionally un-ordered, must sometimes be or-
implement in its basic form. Another major advantage is that it dered for display, such as when drawing axis labels. Thus, in Rivet,
provides access to many existing datasets, from computer systemsye enhance the relational model with these orderings.
logs to biological data to corporate data warehouses, that are al-  The organization of the data, i.e., the data schema, also impacts
ready stored in relational databases without needing any additionalthe effectiveness of the relational model for visualization. In ad-

translation. Another related advantage is that because the re'ationahressing this issue, lessons from the database community are appli-
model is so prevalent, transferring data between tools also becomes

easier. It is flexible and can be easily mapped to many different 1A normalized schema divides the data into multiple tables to minimize
visual representations (bar charts, scatterplots, line charts, Ganttduplication of data, both within a single table and between tables.

The first design decision is what data model to use internally within
the visualization system. This decision impacts almost every other
design decision, in large part because the data model is the concep
tual model of the data presented to the user. It also impacts other
choices, such as:

e Data access: can this model accomodate different types of

data and different types of data sources?
e Data transformations: what types of data transformations can




cable. Transaction processing (OLTP) was one of the first databasehistorical data may be stored in a SQL database, commonly used
applications. Because OLTP requires quick update capabilities, aggregates of the historical data may be in a datacube, while other
normalized data schemas are optimal: usually only one table needsdata may be stored in a text log file.

to be updated. In contrast, analytical processing (OLAP) often  One advantage of using a relational model is that we can decou-
consists of retrieving many tuples across many relations, which ple the actual data source from the visualization tool and provide a
requires many expensive joins when using a normalized schema.general, easy-to-use interface for importing data. Users can easily
Thus, using a de-normalized organization is often more optimal.  specify the different data sources, and once in the visualization tool
Alternative Data Models: The relational data model is notthe only  all data sources should appear equivalent. To achieve this decou-
model commonly used in the database community. Other data mod-pling, Rivet uses three concepts:

els are the object-relational data model [obj n. d.] as wellas a e The “ordered” relational data model (Section 3): all data

hierarchical XML data model [Bourret n. d.]. sources are represented using this abstraction, and thus appear
The object-relational data model essentially tries to have each equivalent to the user.

table correspond to a table in a database (e.g., for an employee in- ¢ Named data sources and a “data repository”: data access is

frastructure, there might be an employee object and an address ob-  easy for users since they can use the name to query the repos-

ject, each with corresponding database tables). This type of model itory to retrieve the data.

can be easily mapped to object-oriented code (e.g., Java, C++) us-
ing tools such as JDO (Java Data Objects). This type of model
yields higher performance when traversing an object hierarchy is
the common operation, and could therefore be used in some of the
situations where the relational data model does not perform well,
such as ragged hierarchies. While the object-relational model may
handle complex cases where a great deal of flexibility is needed, in
the general case, the object-relational model is most similar to the
fully normalized OLTP model above and is designed more for quick
updates and reads about specific items by traversing the hierarch
rather than large reads as is common in a lot of analytics.

The XML model may also be an alternative when the relational

e An easy to read, and therefore easy to change, XML file spec-
ifying the provenance information about a data source. Thus,
rather than writing a script to connect to a database or to parse
a CSV file, the information can be quickly specified in this
file. Note that more work, such as writing a script or writing a
specialized translation module, is required to parse more com-
plex text files using regular expressions or to transform other
types of data to the relational model.

Because having easy data access is so important, we put the time

Yinto implementing a regular expression parser, CSV parser, and

OLE DB drivers to connect to SQL databases and MDX datacubes
model is not flexible enough. In this model, XML is used to spec- to ensure that Rivet users could easily import their data. We initially

. . . rovided only a regular expression parser for users; this function-
!fy both t?elgata anr:j thebmfzta-da:'a, and is beco)r?mlg_g the St"’mdf‘m{a)llity is quite flexible but requires a fair amount of expertise and
ih some Ieth St,tEUCXI\/ZIiI? 1o Ogyi bowe.ver,tll?\'/er.l i prop'(:)nen S work to import data correctly. In contrast, directly allowing rela-
recolgnltzrc]a a et XMLaS a a}a aseis s |X|:|>ntlhs |>r(1 ancy. dor ex; tional data to be imported, whether from a CSV file or a database,
ampié, the current AVIL query languages ( ran, Qqery) 0 MOt is more restrictive but far easier, again showing a tradeoff between
support basic operations such as sorting, joins, grouping, etc. thai lexibility and ease of use

are needed for most a_nalytlcal purposes. o Note that in order to achieve a full decoupling of the data sources
Related Work: In existing general-purpose visualization tools, the fro

i dat del choice is indeed th lational model m the visualization tool, users must also be able to perform anal-
most common data model choice IS Indeed the relational model. yses on the data without caring about the implementation of the
This model is used in Snap-Together Visualizations [North et al.

2002], DEVise [Livny et al. 1997][Livny et al. 1996], Tioga-2 / transformations and whether they are done within the visualization

DataSplash [Aiken et al. 1996][Woodruff et al, 2001], Sage / Vis- tool itself or pushed to the data source (e.g., a SQL query performed

. . h on the database). In other words, the visualization tool must make
age [Roth et "?ll' 19.97]’ and VisDB [Kelm_ and Krlegel_ 1994]. These all data sources appear equally expressive to users (see Section 5).
tools focus primarily on normalized relational data, since they focus

) o ne drawback to this approach is that it can be misleading to th
significant effort on how to let the user easily perform joins (a non- One drawback to this approach is that it can be misleading to the

= - . user if the latency of the different data sources varies widely.
trivial problem that Rivet does not tackle). However, with regards Y y

to the dat del itself. there i di . fth d Related Work: Many existing visualization systems focus on the
0 the data modet ILSell, tNeré IS no diScussion of tne pros and CoNS;qq as that arise after the data is already in the system and do not dis-
of the relational model, or other choices, in these papers. With re-

cuss data access extensively. Snap-Together Visualizations [North

gards to data models, Wilkinson [Wilkinson 1999] discusses many etal. 2002], and Tio ?
. X . . , ga-2 / DataSplash [Aiken et al. 1996][Woodruff
of the disadvantages of the OLAP model with regards to needing et al. 2001] mention their reliance on data stored in databases. DE-

access to the raw data in order to properly compute common statis-vise [Livny et al. 1997][Livny et al. 1996] is one exception: they

tical measures. discuss how to support accessing large data sets that do not fit in

. memory and how to connect to both databases and alternative data
4 Generalized Interface for Data Access sources. Specifically, they provide an API so that the user can pro-

Data access is a key issue in visualization since users often want todram a converter / extractor for any data source. This approach is
simultaneously visualize data from many sources and the data frommore flexible and extensible but requires more expertise. Note that
each source may change. The cycle of data exploration is one ofthis expertise is needed only once per additional type of data source,
hypothesis, experiment, and analysis, with each analysis either pro-however.

ducing a result or suggesting a new hypothesis. With every iteration .

through the analysis cycle, new data may be collected, the formatD Data Transformations

of the data being collected may change, and so on. Users do nofpyring the course of analysis, users will want to see different views
care about tradeoffs or where their data or meta-data is stored; they,nq transformations of the data, such as aggregates, drill downs and
only want to be able to import all of the data into the visualization gl yps, filters, and so on. In this section, we discuss several of the

system and then proceed with their exploration and analysis. Thus,design decisions involved in providing this functionality within the
making data access easy is important for making a visualization acqntext of a visualization tool, specifically:

commonly used analysis tool.

One might think that providing access to a database would be
sufficient. Often, however, users need to combine data from multi-
ple sources. Hierarchical relationships may be stored in a flat file,

1. Do visualizations need to provide transformation capabilities?
2. Which transformations are needed?

3. Where should these transformations be implemented?

4. How do users call these transformations?



&F reveal patterns that would be hidden using a different order-
7 | ing [Bertin 1983]. Sorting is one way to get this order. Sort-
== |Presentstion m ing can also be used to order tuples when drawing non-point

primitives such as lines or polygons. Also, sorting followed

by filtering is one way (not necessarily the fastest) of comput-

ing ranking transformations, e.g., the top ten tuples according

to a particular metric.

e Filter: Especially for large data sets, filtering to display only
the “interesting” range of the data, e.g., only the Western
states or only the top ten percent, is one of the most useful

Figure 1: Data analysis tools are often separate from data visualiza- transformations for reducing clutter in the display.

tion tools, thus requiring that users perform queries in one tool, and This list contains the transformations we have needed consistently

then visualize the results in a separate tool. To perform ana|ysis1 inthe many visualizations we have built using Rivet. This listis not

users need to context switch back and forth between two tools. We complete, because more specialized transformations are sometimes
advocate a tighter integration to minimize the context-switch time needed, either for performance reasons or for unique analyses, such
for effective visualization and analysis. as specialized normalization routines or the k-means clustering al-
gorithm. Also note that if the visualization is a custom rather than
general tool, custom transformations are often needed. Other trans-
formations, such as taking the logarithm of a value, can either be

a data transformation or merely a visual transformation (e.g., just

Babch Query

L

Batch Query %

5. What issues are involved in implementing these transforma-

tions? )

: L . . i drawing the data on a log scale).
Do visualizations need to provide transformation capabilities Another transformation that is commonly needed, especially
(independent of implementation) when dealing with databases, is the abilityjoa two (or more)

. The (_:ycle of a“?"ySiS involves the user asking a q“eS“OU* ChooS"tables together using a common key or set of keys. For example,
ing a view that will hopefully answer the question, creating the ,sers might want to join a dimension table to a fact table in or-
view, examining it, drawing conclusu_)ns, and then lterating. der to aggregate by some property of a dimension, such as by the
Having as tight of a loop as possible between performing these ¢,y of the data rather than by state. Joins, however, are not a
analyses land seeing the rl_esu_ltlng F\(lsualliat;ons W'IH .enCOléragetransformation that is intrinsic to the data, but rather something that
more analysts to use visualization (Figure 1) for analysis and not js o cessary given the organization of the data into multiple tables.
just presentation. There is a quite a spectrum of options in creat- 55nq are aiso very expensive to compute. Later in this section, we

ing this '?Op fOI’hVISU_ahZ?tIOO designers. One e>étre(rjne Is to riquwe discuss whether it is necessary to expose this transformation explic-
users fo leave the visualization environment to do data transforma-iy,; 15 the yser or whether we can infer which joins are needed using

tions, followed by either re-importing the data or creating a new vi- additional meta-data information.
sualization; this option creates a high barrier between analysis andHOW and where does the visualization perform the analysis?
visgalization th_at hampers many users. A middle choice is to have Given the query specified by the user (directly or indirectly),
a single tool with methods for analyzing the data and methods for oyt question is how and where the visualization performs the
displaying the data; Excel is an example of this type of tool. Atthe 01y~ custom transformations likely need custom implementa-
other end of the spectrum is a tool like Polaris [Stolte etal. 2002b], yions  However, for more general transformations such as the ones
in which users create specifications (Section 8) that the system Use§giaq apove, the question is whether the visualization tool needs
to generate both the requisite transformations and the visual display.,[O implemen,t its own transformations or whether it can use exter-
We believe that users want to focus on the data and its analysis, 5| implementations (such as in a database). For example, while
rather than on the details of data manipulation. Thus, to create asyaanases incur a latency for transferring data to the visualization
tight of a loop between analysis and visualization as possible, the ;,, they are optimized for performing such transformations and
user needs to be able to perform analyses within the context of the 4" provide the capability to scale to very large data sets. This
wsgallzatlon tool. . . L . latency can be overcome through various techniques, including
Which transformations should a visualization provide? having the visualization tool cache query results and implement
Performing analyses within the context of the visualization tool refetching or other visualization-specific performance optimiza-
means that users need to be able to execute data transformationgons. Another technique for mitigating latency issues is to do as
within the tool. Note that this is still independent of where the  ;ch analysis as possible within the database to minimize the size
transformations are actually implemented: they could be translated ¢ the data set that needs to be transferred.
into database queries, internal transformations, some combination, Although pushing data transformations to the database can pro-
etc. _ R _vide significant gains, even general visualizations often need their
Given this need, the next question is which data transformations o, internal data transformations for two reasons. First, not all data
are necessary? For general analyses, we have found several trangsrces provide data transformation capabilities; flat files, for ex-
formations that are commonly used in the analysis process: ample, cannot transform their contents. Thus, internal data transfor-
o Countand Aggregate:In general, analysis is about counting  mations are needed in order for users to see an equivalent abstrac-
or aggregating how many things are in various buckets. Ag- tion for all data sources (e.g., the data model and transformation
gregation enables the user to abstract large data sets into uncapabilities). By providing this abstraction, relational data transfor-
derstandable and manageable sizes. For example, how manymations are compositional (their input and output are functionally
oranges come from the states California and Florida? What's equivalent). Thus, transformations can be composed to create more
the average profit per state? This high-level analysis idea sophisticated visualizations regardless of their implementation.
translates into queries of the form group by and aggregate.  Second, visualizations need internal transformations for drawing
Common statistical aggregation operations that are needed arepurposes. Polaris, for example, has multiple panes in its table-based
count, average, sum, min, max, median, etc. visualizations. Rather than performing a query for every pane, we
e Sort: Tuples need to be drawn in some order, so that “more perform the minimal set of queries to minimize latency and then
important” tuples are drawn on top; this visual ordering of use an internal grouping and sorting network to send data to the
tuples is often very useful when analyzing data, since it can appropriate panes for drawing in the needed sorted order.



How do users specify which analyses they want to see?

If a visualization provides transformation capabilities, the next :
question is: how do users specify which analyses they want to see?
The basic tradeoff is between flexibility and ease of use, i.e., a pro-
grammatic, explicit interface versus an inferred, implicit interface.
A highly flexible choice is to have the user learn a query language
such as SQL or MDX. This option requires a great deal of user ex-
pertise and limits the user to the associated data sources. Anothe
similar option is to create an abstraction layer and provide transfor-
mation primitives that the user can link together, or compose, to get
the desired result; this can be done by visual programming (Tioga-
2 [Aiken et al. 1996] or VQE [Derthick et al. 1997]), writing scripts
(Rivet) or macros (Excel), or some other method.

In contrast, the inferred, implicit approach is to generate the
needed transformations (or series of transformations) automatically

from some description, as is done in Polaris [Stolte et al. 2002b]. (on the left) that an analyst might see while exploring a data set

However, in order for this approach to work, the visualization tool (the semantic hierarchy is shown on the right). Each visualization
must provide abstractions and capabilities to make all data sources chy gnt). .
orresponds to a drill down to a more detailed level in the data.

look equivalent and appear equally expressive. Further, there need his examole illustrat le of h ta-data inf |

to be enough meta-data information to be able to generate the cor-; > SXaMmPe Iustrales one example of how meta-data morma

rect transformations. We discuss this meta-data more in Section 6.0 Might be used in a visualization tool to determine the different
below. aggregations needed when doing semantic zooming.

Note that these options illustrate a tradeoff between expressibil-
ity and the level of user expertise needed: Of the systems mentioned
above, Polaris is perhaps the most intuitive, but is also the most lim-
ited. While query languages provide the most general set of analy-
sis operations, both query languages and transformation primitives
require more sophistication than Polaris, since the user must deter-
mine not only how to express the analysis to perform but also how
to specify the data display. We consider this latter question in more ) -
detail in Section 8. customizable transformations such asghaup by and aggre-
What issues are involved when implementing data transforma- gateexample dISCL!SS.»ed a_bove_' . .
tions? Related Work: Many existing visualization systems recognize the

need for some data transformation capabilities, but they rarely dis-

g cuss all the questions discussed above. Instead, they focus on some
subset.

) . . o For example, both VQE [Derthick et al. 1997] and Snap-

e Multiple quick passes versus a single pass: Within a trans- Together Visualizations [North et al. 2002] focus primarily on how
formation, there is the question of whether it is faster to have he yser can easily specify which transformations to perform, espe-
multiple quick passes over the data or a single, potentially cia|ly on the difficult problem of specifying which join(s) to per-
much slower, pass through the data. form. In terms of actually performing the transformations, they

e Transformation and data granu|arity: Another question is choose to pUSh the actual transformations to the database.
whether it is faster to have each transformation perform asin-  In contrast, both Sage [Roth et al. 1997] and Tioga-2 / DataS-
gle operation or a combination of operations. For example, we plash [Aiken et al. 1996][Woodruff et al. 2001] focus more on how
have found thagroup by and aggregatare often performed flexible the data transformations need to be, and, specifically, that
in conjunction. One optimization is to combine these opera- data transformations need to be composable. This composability
tions into a single transformation that the user can customize is needed for providing the maximal flexibility to the analyst, es-
by choosing which fields to group by and then how to aggre- Pecially with the integration with visualization, so that the every
gate each group. In some sense, rather than looking at trans-intermediate result can be seen visually. Tioga-2 uses this function-
formation granularity, we are looking at data granularity since ality quite effectively for debugging purposes.
the customization is being done at the tuple level rather than ~ DEVise [Livny et al. 1997][Livny et al. 1996] focuses more on
the table level. Some transformations, such as sorting and implementating queries, both in terms of specialized queries and
ranking, are more easily calculated at the table level. performance optimizations. For example, like with the data access

in Section 4, they provide an interface that allows expert users to

implement data-source specific queries, such as queries for search-
ing for particular company stock information. As before, this pro-
vides great flexibility and extensibility, but does require substantial
user expertise to set up. They also discuss several interesting per-
formance optimizations, particularly with regards to whether cer-
tain transformations, such as filters, should be performed on tuple

(TData) or graphical primitives (GData).

product

O~0-0-0«0<0-0-0

Figure 2: This figure shows a series of successive semantic zooms

Tioga-2 [Aiken et al. 1996] and VTK [Lucas et al. 1992], pro-
vides this capability. While we originally thought this flex-
ibility would be a great advantage, not only is there a large
performance cost, but we also never needed this level of gen-
erality and flexibility — we never visualized the intermediate
results. This performance penalty can be mitigated by using

Finally, if the choice is indeed to implement transformations in-
ternally within the visualization, some of the issues encountere
are:

e Flexibility: Once the decision to implement data transforma-
tions internally is made, the temptation is to make them as
flexible as possible. There are several degrees of flexibility
that can be achieved, some of which are both unnecessary,
and expensive, performance-wise. The first choice is whether
to have composable transformations, where any transforma-
tion output can be the input to any other transformation, thus
allowing a wide range of analyses to be performed. While
composability has several benefits, designers often take the -
nextpstep thgt, while independent, takesgadvantage of com—6 Sophlstlcated Meta-Data
posability by providing the capability to form a general net- Meta-data information, the data about the data, is just as important
work of transformations, in which every intermediate result as the data itself. This meta-data is needed for two main reasons:
is kept and is visualizable. Rivet, like other systems such as to expose semantically meaningful data transformations to the user



and to drive design decisions when generating the visual represen-
tation.
Given a visualization tool, in order to expose semantically mean-
ingful data transformations to the user, we need the appropriate
Ordinal- Ordinal- - _— meta-data information. For example, to know which aggregations
Ordinal Quantitative Quantitative-Quantitative are related for drilling down or roIIirF:g up data, we need t%gkngw the
‘ hierarchy describing the semantic levels of detail (Figure 2 shows a
o series of successive semantic zooms that an analyst might see while
\ exploring a dataset; each visualization corresponds to a drill down
to a more detailed level in the data). Another example is that we
need to know the type of a field to determine which aggregation
functions are appropriate: it does not make sense to apply an aver-
age funtion to nominal field, such as the country.
olE Q| © In addition to exposing meaningful data transformations to the
§ il user, additional meta-data information is useful when automati-
Qg Q4 cally inferring the needed transformations, especially when joins
are needed. Joins may be the main reason that query languages are
needed and are the main way to misuse data (e.g., doing inappropri-
ate joins because of a misunderstanding about the keys). However,
given the appropriate meta-data information and constraints on the
data, joins can automatically be inferred. Specifically, we need in-
formation on which fields are in which tables, which fields are pri-
mary keys and foreign keys, and which fields are dimensions (inde-
pendent variables) and measures (dependent variables). In addition
Mo having this meta-data information, we also need to know which
€ fields are unique or equivalent across tables (e.g., that a measure
in multiple tables is equivalent), so that we can choose appropriate
sources for output fields.

Having this meta-data information allows us to determine which
transformations are legal (for example, applying an average to a cat-
egorical field makes no sense) as well as which joins are possible,
and then to actually construct the right database queries.

In addition to needing meta-data information in order to in-
fer data transformations, meta-data information is also needed to
make design decisions when generating visualizations. For exam-
ple, knowing whether fields are ordinal or quantitative (discrete or
continuous) helps in determining which chart types are most ef-
fective, or even possible: a bar chart is one option given an ordinal

Figure 3: Knowing whether fields are ordinal or quantitative helps
in determining which chart types will be most effective visually.
For example, a simple table / matrix view is really the only possible
view if both axes are ordinal (although the display within each cell
can be anything from a simple text field showing the value of a par-
ticular metric to a color-encoded glyph). For ordinal-quantitative
axes, some possible chart types are a Gantt chart or a dot-plot. |
these cases, the ordering of the ordinal field can greatly vary th
efficacy of the chart. Finally, for quantitative-quantitative charts,
possible chart types include line charts, scatterplots, and map (lati-
tude vs. longitude).

€ 5 £ Nominal Encodings Ordinal/ Quantitative Encodings x-axis and a quantitative y-axis; if both axes were quantitative, how-
00000 @eeel I ) ever, either a line chart or a histogram would be needed. Figure 3
Color @ = 5 000000 O0000e shows some possible chart types given the field types. Knowing
00000® Q@0000® whether fields are nominal or ordinal/quantitative (unordered or or-
dered) also helps in determining which encodings are effective (see
Shape/ S mmm @ O+<sunO Figure 4). For example, using shape for ordered data does not make
Pattern 0= & @apees sense: what is the canonical ordering of shapes?
Meta-data information is needed for a whole host of other rea-
1 sons, including providing context (e.g., axis labels) and determining
el ity © °c000@® <ccc0c0000® the range of values to be displayed. The range is especially impor-
= (GRS OO0 tant since its choice (e.g., the spatial encoding on an axis) affects
the user’s perception of the data display. For percentages, not in-
Rotation/| U, ) Uu > 2N UVDI>222N0Q cluding zero can greatly distort the user’s perception of the graph;
Orientation =4 e 0O eephOS similarly, reducing the range may emphasize the slope, leading the

user to perceive a greater change than might actually exist. Another
. . . . o example is that knowing the absolute domain of a field is essential:
Figure 4: Knowing whether fields are ordinal or quantitative helps knowing which values are missing is just as important as knowing
in determining which encodings are most effective visually. For \yhich values have data.

each type of encoding, this table gives some examples of how the
encoding might be used given the mark type (0-dim points, 1-dim
lines, and 2-dim areas), and whether the data being encoded is NOM;, o4 _gata information is needed? While one customary goal when
inal (L!nordered) or ordmal/quantltatlve'(ordered). For e_xamp_le, designing systems is to generalize as much as possible to find the
there is no possible shape encoding gr/en an ordered field siNCeinimal set of information common to most data sets (typically the
what is the canonical ordering of shapes? name and storage type of the field), visualizations can take advan-
tage of additional details to create effective displays. To continue
the example above, it is not enough to know that the data field is a
quantitative field since not all quantitative fields should include zero
on their axes. For example, geographical fields (e.g., latitude and

Given all of these different ways of using meta-data informa-
tion within a visualization tool, the next question is what specific



longitude) would be greatly distorted if zero were always included.
Given this insight, what meta-data information can a visualiza- raw »| data »-| visual | o
tion use? First, visualizations can take advantagtymdinforma- data data tables visual display
tion for a field, consisting of several characteristics: transformations mappings
e The canonical “storage” type: real, integer, string, date / time, A
and so on. This information is used to determine type-specific user interaction
transformations (e.g., Year for a time field), as well as in vi-
sualizations since there are clearly known and expected ways
to draw, for example, time axes. Figure 5: A pipeline showing the flow through a visualization.
e Discrete versus continuous: real data is continuous, integer
and nominal data are discrete. This type information can be
used to determine chart type; for example, line charts should while other hierarchies, such as ad hoc groupings, may change as
not be used with discrete data since interpolation does not the user interacts with the visualization.
make sense. This type information can also be used to de- One additional nuance is that meta-data is not always imported:
termine which aggregation functions make sense. if data transformations are supported within the context of a visu-
e Ordered versus unordered: real and integer data are orderedglization tool, then there are now derived fields, e.g., Sum(Profit)
nominal data is unordered. When choosing retinal encodings, is derived from the Profit field. The meta-data also needs to be de-
shape encodings are effective for unordered data while size rived. However, there are some subtle complexities: depending on
encodings would be more effective for ordered data [Cleve- the transformation, the type of the field may change. For example,
land 1985]. COUNT(DISTINCT(Country)) is an ordered, integral field while
o Scales [Stevens 1946]: continuous data may be intervals, ra- the source field, Country, is an unordered, nominal field. _
tios, geographic data, etc. Ratios should include zero when Related Work: Many existing systems, such as Snap-Together Vi-
displayed spatially, while intervals and geographic fields may Sualizations [North et al. 2002], DEVise [Livny et al. 1997][Livny
not. The aspect ratio for geographic data depends on the map€t al- 1996], and Tioga-2 / DataSplash [Aiken et al. 1996][Woodruff
projection. etal. 2001], use the meta-data information provided in the database
e Units: most measures have units, such as currency, associate&Chema' Wh'Ch typu_:ally consists of_the f'?'d nhame, storage type, ac-
with them. Units are useful for determining which fields can tual domains, and hierarchical relationships. Exbase [Lee and Grin-
share an axis. A good example is the Gantt chart: knowing stein 1995] dlsc_usses th_e need for additional me_ta-dat_alnformatlon,
that the beginning time and the event duration use the samebUt focuses on information that can be automatically inferred from

: : it : the database or the query.
units allows the visualization to use the duration to encode . .
the length of the bar on an axis displaying time. Both APT [Mackinlay 1986] and Sage [Roth and Mattis 1990]

Exposing semantically meaningful data transformations and choos-discuss how meta-data information can be used to generate appro-
EXposing Sem: y meaning . , priate visual encodings automatically, with the extended type in-
!n? effec_tlve visual encodings depends on having all of this type formation being the primary overlap. Sage discusses how to use
information. :

Other meta-data information that is useful to know are which additional meta-data describing the relationships between database

data fields are related. For example, knowing that the (city, state, tables in order to support joins.
country) fields are a semantic hierarchy help for exposing drill i : : ;
downs and roll ups. Knowing that the “Profit” field in one table 7 MOdUIaTIZIng Pata’ Visualization, and
is equivalent to the “Profit” field in another table is useful when in- Interaction ObjeCtS

ferring joins. When doing joins, we need to know more than just the previous sections have focused on using the relational data
which data fields are related, we need all of the table meta-data,ge| generalized API for data access, and data transformations
?slévell. nanr:esl,(of tables, \|’|Vh'0h :]'.elﬁ‘;'. alzje in which talbles, which 15 abstract the raw data. We have also discussed how we can use
leld(s) are the keys, as well as which fields are equivalent. - et5 gata information to choose which visual mappings might be
Another useful type of meta-data is domain information. Having 4t effective. In this section, we discuss the other portions of the
both the absolute domain (range of all possible values) as well as, ;g ,5jization pipeline and some issues with modular architectures.
the actual domain (range of values actually present in a table) is = The high-level architecture of a visualization system is often
useful for determining the range on an axis, for example. drawn as a pipeline (Figure 5). One of the fundamental design deci-
_ Given the usefulness of meta-data, the final question is how 10 gjong in Rivet was to modularize each box in the pipeline and then
import and model the information within a visualization. Note that yafine the objects and API's for the arrows connecting the boxes.
a database does not typically contain all of this meta-data informa- gy herforming this encapsulation, we gain flexibility, since we can
tion, so querying a database will not provide a complete solution. ¢ompinatorially compose objects to create a wide variety of visual-
While there are many possible solutions to this problem, we briefly jzatons and analyses. We also gain extensibility, since new func-
outline the approach we chose for Rivet. _ tionality can be incorporated by implementing additional box and
To import the meta-data, we augment the same XML file used 4.qw instances within the existing sytem.
for specifying the provenance information for a data source (Sec-  This modularization also impacts how quickly one can change
tion 4) with the additional meta-data information, such as the type e gesign of a visualization tool: if all components are tightly
information, absolute domains, hierarchies, derived field informa- tied together, then changing one requires changing everything. By
tion, ad hoc groupings, and so on. choosing the right granularity, one can iterate through design re-

When this meta-data is brought into the visualization environ- finements more quickly. However, there are many issues that arise
ment, it is treated as a first-class citizen rather than as an add-on 19 the modularization that we discuss in this section.

the data object. For example, not only are fields separate objects
with type information, but domains and hierarchies are also sep- 7.1  Visual Encodings

arate objects, since some domains are static while other domalrﬁn Rivet, we initially created an architecture for the visual mappings

change depending on the data or user interaction (e.g., a domalnand the visual display with four basic types of objects:

containing a user-specified filter); domains may also be shared by e Manbinas that map values from one tvoe to another. e.d.. from
different tables. Similarly, some hierarchies are known in advance, PPINg: p vail ype ' €.9.,
quantitative values to size or from a nominal value to color.




e Encodings that use mappings to explicity map a particular (Section 2), we can build even higher-level actions in the script. Al-
data field to a particular visual variable (e.g., Profit to the x- ternatively, the script-writer can choose whether an action (however
axis or Product Type to color). triggered) corresponds to an optical zoom on the visual object or a
e Metaphors that lay out tuples spatially (using spatial encod- semantic zoom on the data object.
ings). To abstract the triggers axis, Rivet takes advantage of its event
o Primitives that use retinal encodings (e.g., shape, color) to callback methodology to build interactions (Section 2): the objects
render a tuple in the space allocated by the metaphor. themselves do not care who calls their interfaces or how. Like Java,
This architecture has several advantages, as we have discusseHi€ interfaces can be triggered by any mouse interaction, any key
above: it maximizes code re-use, is easily extensible since only thePress, etc., all depending on how the script is built.
new mapping or layout algorithm needs to be added, and is highly The inputs axis only needs to be abstracted when the user actions
flexible since multiple visual representations can be applied to the need additional translation to determine other inputs to the object
same data set, and conversely, the same visual representation caifiterfaces. For example, in the simple panning case, the object just
be used by many different data sets. needs to know whether to move up or down (or left or right). A
However, there are also several disadvantages. One issue thafnore complex interface would need to know how far to move —an
we have mentioned before is that while increased generalization 2dditional input is needed, based on translating the actual triggers,
may lead to increased flexibility, we cannot hide too many of the Such asamount of mouse movement or speed of key presses. To ab-
details since visualization is about displaying data in context, and Stract the inputs axis, Rivet uses the notion of a transparent overlay
that context is needed even in the code. One example of where ourt0 translate mouse events into higher-level interaction events. Dif-
generalization led to difficulties is in the separation of the visual ferent overlays implement different translations; one overlay trans-
into spatial layout and retinal encodings. Because we need to han-lates mouse events according to a trackball interface for panning
dle both line and polygon primitives, those primitives need some and rotation, while another overlay translates mouse events into in-
spatial knowledge in addition to needing the data to be sorted andPut for selection (e.g., rubberbanding). Essentially, these overlays
drawn in a certain order (connected lines). Additionally, retinal en- Use the triggers to aid in translation when the interactions need to
codings have slightly different meanings depending on the primitive know about spatial encodings.
type [Stolte 2003]. Because selection is such a prevalent and complex operation, we
The other primary disadvantage is that this architecture is some- Use two additional abstractions. The first abstraction takes advan-
times over-generalized, thus requiring additional work to generate tage of our modular (and inheritance-based) model for visual ob-
the proper mappings and encodings. For example, to find the properects. Specifically, we have a base metaphor class that implements
range in a stacked bar chart, we need to determine the maximumtechniques common to all metaphors, including whether tuples are
value for any particular stack. However, in order to determine this being rendered or just laid out for selection (picking) purposes.
value, needed by the mapping, we need to know not only the nu- Thus, individual metaphor classes only need to implement the ac-
meric field being stacked (known by the encoding), but also which tual layout. The second abstraction is to modularize the notion of
ordinal/nominal field is used for creating the stacks (known by the selection itself. Selection may mean choosing a single range of
metaphor). values, choosing multiple ranges (e.g., selection on multiple axes),
One area for future work is to examine whether our initial choosing distinct values, choosing distinct tuples, etc. Thus, we
choices in determining the set of object primitives and interfaces also have a general selection API, with individual selection classes
led to these difficulties, as well as whether different modulariza- implementing the specific type of selection desired.
tions solve these problems (and with what tradeoffs): a different Related Work: Snap-Together Visualizations [North et al. 2002]
choice may lead to a different set of issues. focus on how to layer user interaction on top of visualizations for
Related Work: Many systems, including Sage [Roth et al. 1997], coordination. While they focus on interaction rather than visual-
DEVise [Livny et al. 1997][Livny et al. 1996], and Tioga-2 / DataS- ization (leaving that to the individual visualization tools snapped
plash [Aiken et al. 1996][Woodruff et al. 2001], use the idea of vi- together using their interface), they have a very different model in
sual encodings to create an abstraction between the data and th&hich every visualization that is snapped together is done so via the

corresponding visual representations. equivalent of a database join. This model leads to easily achieving
) some powerful interaction capabilities such as brushing and linking.
7.2 Interaction Chi et al. [Chi and Riedl 1998] and Chuah et al. [Chuah and

While we would like to encapsulate interaction much as we en- Roth 1996] present frameworks for organizing the different types
capsulate the data to visual mappings in order to realize the sameof interactions within a visualization. They both organize the in-
benefits, it is more difficult since there are at least three different teractions by their end effects (e.g., whether the value (data), view
axes along which to encapsulate interactions: (graphics), or some combination is affected). Chi discusses imple-
1. Outputs: The first axis to look at is the end effects of the inter- mentation only briefly, pointing out that where the operator would
action. For example, an interaction can affect the raw data, the be optimally placed (within the visualization, the database, or in a
data transformations, the visual mappings, or the view itself Specialized tool) depends on where in the visualization pipeline the
(e.g., rotation). interaction falls.
2. Inputs: The second axis to look at is the inputs. For example, .
some interactions require the mapping between data and vi- /-3 Modularity Issues
sual so that when given a selected area in visual space, whichwhile we have mentioned the many advantages of modularity, there
data tuples correspond to the selected area can be determinedare several issues that arise with a modular architecture as well.
such as is needed for brushing or tooltips. One issue with modularity is that if the objects and API's are
3. Triggers: The final axis to look at is how the interactions are not designed with all cases in mind from the beginning, making
triggered. For example, panning can be triggered by a track- changes later on can be very difficult. We pointed out one example
ball interface, a scrollbar, arrow keys, etc. above with the point primitives, but meta-data information is an-
Looking at the visualization pipeline, what we chose to do is pro- other even more important example. We originally designed Rivet
vide interfaces on the boxes (the data and visual objects), which using the pipeline model and focused on modularizing data and its
correspond to the outputs axis. These interfaces correspond to highdisplay. As we realized the importance of meta-data and its display
level actions, such as pan and zoom. Note that with Rivet scripting and interaction, we created separate meta-data objects for use in



o and so on.
&:::." Bt ok O s ¥ e B sond S The other is to use a tool like the Polaris user intefagehere

i At 4 55 ] the user interactively drags-and-drops field names to create a visu-
= alization. While this interface is intuitive to use, the user is con-

Level of detail in panes:

A= = B strained to table-based visualizations and to the interactions and
momai C|F ] data analysis capabilities exposed by the user interface.
" = As we created more interactive exploratory visualization tools,
S " —_7 iﬁE such as the Polaris user interface and tools for exploring com-
ol e e R puter systems data, we found that table-based visualizations were
e e predominant and highly useful. We created the Polaris formal-
ﬁ.... wi B ism [Stolte et al. 2002b] describing this class of visualizations,
"l which then formed the basis for our specification language. Writing
:f — a specification (a declarative approach) is like filling out a template
wi || 3555 containing the specific fields the user wants to visualize, and the
PPerTEILLLEEag ] specification can be used to generate both the data queries needed to
i i retrieve the data being visualized and the visual encodings needed
to create the display itself.
<Zizté7élx;ar;nlf;stacked—bar'> This specificgtion language i; a midqle gro_und, in that_ the user
<1ab|eeyxpr axis='X">State</tableexpr> table structure can create static table-based visualizations simply by filling out a
<tableexpr axis="Y">(AVG(Profit) + AVG(Sales))</tableexpr> template (implemented using XML). In fact, the user can create
<7tz%%e"f§gggﬂag value="true'/> ver et more sophisticated visualizations using the specification language
<layer name="coffee'> (Ehe visuntisation only than is possible in the Polaris user interfjcsince creating intu-
idgf:;lme name="moonbucks'/> has a single layer) itive affordances corresponding to some more advanced features,
‘Lgmupingxclimension name="ProductType'/></grouping> such as the nest operator, is quite difficult [Stolte 2003]. When
<mark type="Bar> pane definition comparing filling out specifications to writing scripts, specifications
<2(()ili(r)r£:2§i(z)(::r;1%;ne='ProductType'/> {this Misualization only s are easier but more restrictive. In this case, the user can only create
</colorencoding> for both panes in the table-based visualizations without interaction, while scripts require
</<p/2:$> visualization). more expertise but are much more powerful.
</layer> Rather than choosing either specification or scripting, yet an-
<Mvisual> other option is to combine the two to gain expressibility without

requiring too much more expertise. The specifications define both
the visual and the data abstraction (i.e., the visual representation
and the data transformations) [Stolte et al. 2002a]; a sample speci-
fication is shown in Figure 6. By pushing the repetitive definitions

) ] ] o ) ] ] to the specifications, the scripts are simpler, since they only need
creating effective visualizations of data, as discussed in Section 6.tg define the interaction and the transitions between specifications.
However, rather than modularizing meta-data displays (e.g., axes,The scripts are simplified even further since we have XML files for
label, legends) and interaction separately, a more accurate pipelinespecifying the data (including the data import). We retain all the
WOU'd recognize_that meta-data should be treated like data and bepower of Rivet, since scripts can be used to create any visualiza-
designed accordingly. tions beyond the scope of the specification language.

Another issue is the listener model commonly used in modular  While specifications can be used to create static visualizations,
code. In this model, objects “listen” to one another, and when an one area of future work is to explore how to specify interactive visu-
object changes, it notifies all of its listeners so that they can update glizations. One approach is to research transitions and interactions
themselves. For example, if the user changes the color mapping,further to see if we can find a parameterization or formal structure
the mapping informs the encoding, which then notifies all of the to use in a specification.
objects that use that encoding for drawing, so that they then will re- Related Work: Several systems address this debate between spec-
draw. While the listener model simplifies the implementation for jfication and scripting.
the designer since the coder does not need to determine exactly Snap-together Visualizations [North et al. 2002] falls on the
what needs to be updated on every change, getting the implementaspecification side while addressing a very different problem of try-
tion of the listener model correct is tricky, since the propagation of ing to define the interactions rather than the visualizations. How-
change events may easily lead to over-updating of objects, resultingever, they do make the point that scripting is too difficult for users.
in a performance loss. The key is that each event needs to say not sage and Visage [Roth et al. 1997] provide several different in-
just that something changed, but to say what changed so that onlyterfaces. While they also use scripting for interaction, designing

Figure 6: An XML specification and the generated visualization.

the minimal set of updates and propagations happen. the visualization itself is done automatically using Sage, by visual
specification using SageBrush, or by searching for similar exam-
8 Specification and Scripting ples using SageBook. Thus, while they recognize the usefulness of

) . - . . . . both scripting and specification, the two are not used in concert.
The final design decision we discuss is how to create visualizations Tioga-2 and DataSplash [Aiken et al. 1996][Woodruff et al.
given the infrastructure discussed in the previous sections. The2001] use another approach, similar to visual programming, where

method chosen here impacts how quickly a visualization tool's de- yhe iser can link together icons representing actions and both data
sign can iterate. There is a spectrum of choices here as well, again, graphical transformations.

with a tradeoff between simplicity and expressibility.

One extreme is to use scripting (a procedural approach) to create  2The Polaris user interface is built using Rivet scripting and illustrates a
the visualization. Scripting requires the most expertise and takes third option, which is to bootst