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ABSTRACT
Currently, therearemany hypertext-likdools and database
retrieval systems that uskeyword search as means of

sketch combinations of graphic elements flexilj;8].
These tools support a vast numbendifierent data-graphics
based onthe combinationand organization of many

navigation. While useful for certain tasks, keyword search isgraphical elementge.g., those in Figures 2, 4, 7, 9).

insufficient for browsing databases of data-graphics.
SageBook is asystem thatsearchesamong existingdata-
graphics, so that they can beusedwith newdata. Inorder
to fulfill the needs ofretrievalandreuse, it provides: 1) a
direct manipulation,graphical query interface2) a content
description language that can express important
relationships for retrievingdata-graphics; 3)automatic
descriptionof stored data-graphics basedtbrir content; 4)
search techniquesensitive to thestructure and similarity
among data-graphics; 5manual and automatic adaptation
tools for alteringdata-graphics sdhat theycan bereused
with new data.

KEYWORDS: Data-visualization, Data-graphic design,
Automatic presentation, Intelligent interfaces, Content-
based search, Image-retrieval, Information-retrieval

INTRODUCTION

Our approach tsupporting thecreation of data-graphics is
to view their design astwo complementaryprocesses:
design as a constructive process of selectindarranging

Nevertheless, constructing @data-graphic, especially one
that contains a lot of information, stitequires auser to
have substantialdesign expertise. Even expedesigners
may needideaswhen working with newdatasets,and a
good source ofideas exists in other userssuccessful
visualizations of similar data.

One of ourapproaches tgroviding expertise has been to
give usersaccess to dibrary of data-graphicscreated by
users of a constructive systaralled SageBrush orreated
automatically by arelated knowledge-baseslystem called
SAGE [8]. Sincesearching gortfolio of hundreds ofdata-
graphics can be laborious, weeatedSageBook, a content-
based search and browsing tool that enables useetrieve
data-graphics based on their appearance atit#qroperties
of the data they present.

In [8], we gave an overview of the threemponents of our
system (SAGE, SageBrustind SageBook), but primarily
focused on SageBrush. In this paper, we focus on
SageBook's browsinginterfaces and mechanisms for

graphical elements, and design as a process of browsing angbntent-based searcand reuse. SageBook's goal is to

customizing previous caseSageBooksupports thdatter
process by enabling users to find, browsed apply
previously createddata-graphics tahe construction of new
ones that reflect current data and design preferences.

Current data-graphic design tools, particularly those
providedwith spreadsheets, dwt support thes@rocesses
well because they doot enable people to combirtiverse

information in a single graphic. They are unable to integrate

different kinds of graphicalobjects, properties, ochart

types to show the relationships among many data attributes,

Instead, isolated graphicaktyles must be selected
individually from a lengthy menie.g. chartswith bars,
charts with lines, charts with plot points, etc.).

There areonstructivetools that enable users to assemble or
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provide content-based retrievicilities in the context of
supporting user-directedata-graphiaesign. To fulfill this
goal, we identified five crucial needs:

1. A direct manipulation graphical query interface -a
flexible andintuitive query interfacavith which users
sketch graphics similar irappearance tdahose they
want to browse. Alternatively, users may select subsets
of their data toretrieve graphicghat display similar
data. SageBrush serves as SageBoqu&ry interface
(Figure 2 Bottom).

A content description language -an expressive
vocabulary for describingthe graphical and data
relationshipscontained in data-graphics, gbat they
can besearched byontent. Inaddition, it isnecessary
to translate usequeriesinto this vocabulary, so that
users can communicatethem unambiguously (i.e.
without vocabulary mismatches). The problem of
vocabulary mismatch is well summarized by Lesk [1].
Automatic description- automatic indexing ofstored
data-graphics, sohat the data-graphiclibrary can be
easily populated, maintained, and organizedefticient



search. By indexing we mean the categorizatiodatd-
graphics using the content description language.
Structural and similarity-based searela mechanism for
matching queries and stored data-graptiesed on the
spatial organizatiomndstructural relationships among
graphical elementsand the characteristics of and
dependenciesmong data attributes. Thismechanism
supportsretrieval based orpartial matchegi.e., based
on similarity betweenquery andgraphic). Structural
search ismore powerful tharkeyword search because
the latter is noexpressive of the relationships among
multiple data and graphical components.

Manual and automatic adaptation - facilities to help
users alter thelata-graphics retrieved by SageBook’s
search strategies, so that they carapplied to a user's
current task.

We are aware of no other approaches that addressrbede
for data-graphicsSomehave beeraddressed irsystems for
retrieving photographs or images, but none haresided a
solution that takes int@ccountall of them. Garber [2]
developed aretrieval system foradvertising photographs
based on astudy of art directors. Queriegre posed by
typing in keyword descriptions of objects or travel locations
(e.g. mandog; Florida,New England). Users can select a
level of similarity for defining the degree of relaxation
allowed inretrievals. Photographare orderedaccording to
how close they match theywords inthe query (based on
the implementorgrestoredjudgments of similarity). The
use ofkeywords inthe query system makes th@rocess
susceptible to vocabulary mismatches (i.e., dbscriptions
specified by the user mayt match thoseised todescribe
the stored photographs). In additidhe photographibrary

has to be manually indexed; thus populating it is laborious

and error-prone.

based on the physical appearance of the pictergs color,
texture) and has the same limitations as TRADEMARK.
The artistic impressions associated with each picture have to
be manually entered. Furthermore, thesearch done on
artistic impressions is a keyword matching process, making
it especially sensitive to vocabulary mismatches.

None of these systems provide adaptation tools because they
were createdfor the task ofimage-retrievalonly. In data-
graphic design, reuse is a primary user task, duaptation
facilities are of the utmost importance. Reuse involves
extracting thedesignthat was inherent in an existirata-
graphic and reapplying it to thedesign of a newdata-
graphic.

We havedesigned asystem thatdirectly supports thefive
needs of a retrieval and reuse facility fata-graphiaesign.

Our system provides users with adirect manipulation
interface(shown in Figures 2nd 7) topose complete or
partial data and graphic queries.gfery istranslatednto a
content description language, which lzdso beenused to
express automatically-generated descriptionsthad data-
graphics in SageBook's library. SageBoobkmpares the
guery with thesedescriptionsand retrieves aset of data-
graphics that fulfillsits similarity tests (Figure 7)Users
can then manually or automatically adapt these data-graphics
as desired. We first give an overview of the interactions and
information flow among system componerasdthen we
discuss how we deal with the needs of retrieval and reuse.

SYSTEM OVERVIEW

SageBook is integrated with two other modulgageBrush
and SAGE. SageBrush istaol for sketchingdata-graphics
from primitive graphical elements; asich, itcan beused
both as adesign spacend queryinterface. SAGE is an

Nishiyama et al. [6] described an image-retrieval system thafUtomatic presentation system. Details on SAGE and

searches based aihe relative position of objects in a
photograph,and on some object attributesQueries are
graphical sketches, so useneed not learn a keyword
system (thusreducingthe mismatch problem)However,
the content description languaged queryinterface are
limited to six object types. As was shown itmeir
evaluation, this is insufficient talescribethe space of

pictures that might be in the library. As in Garber’s system,

pictures in the library are manually indexed.

TRADEMARK [3] is an image-retrievalsystem thatdoes
matchingbased orphysicalfeatures(e.g. colors, lines) of
images. Using image analysischniques, TRADEMARK
canautomaticallyindex or sort its library. However, this
type of search(characterized aSmachine-oriented” in[6])
doesnot produce acontent descriptiorbeyondthe surface
features ofthe image.Therefore, it isunable tosearch for
concepts like "person" or "beach". Furthermore,
interface requiresisers tocreate a detailed queatso at the
surface feature level.

the

ART MUSEUM [3] is animage-retrievalsystem for art
pieces. Its search criteria are graphical featargskeywords
of artistic impressions. Theearchfor graphical features is

SageBrush can be found in [8].

A retrieval transaction emphasizinte relations among
SageBook and the other modules is shown in Figure 1.

SageBrush
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Figure 1: The;‘law_of_typical transactions among
SageBook, SageBrush, and SAGE.



1. A user creates a data or graphic query using SageBrushThe process of retrievalnd reusedescribedabove can be

2. The query is converted bySageBrushinto design
directives which are therpassed tdSageBook. Design
directives arepartial specifications of alata-graphic,
expressed inerms of the system's contetgscription
language.

3. SageBook's search module uses the design diretbives
locate matches betweethe query and stored data-
graphics.

4. The matching itemsare retrievedfrom SageBook's
data-graphic library.

5. The data-graphics found are then sent tdbtbaser in
SageBook.

6. From the browser, the user may pick one or noate-
graphics to b&a) manuallymodified in SageBrush or
(b) automatically modified in SageBook.

7. To manually modify adata-graphic, SageBrusiirst
converts itinto a sketchand displaysit. This sketch

divided into four phases,each emphasizing thedifferent

needs of information retrieval and data-graphic design.

e How do I tell the system what | want (easily and
without any ambiguity)?

« How canthe content ofgueriesand data-graphics be

expressed?

How does the system find what | want?

¢ How can a data-graphic badaptedfor new data after
retrieval?

The following sectiongdescribe each ofhese phases in
detail and explain how wdealtwith the retrievaland reuse
needs that were previously raised.

QUERY INTERFACE: HOW DO |
SYSTEM WHAT | WANT?

Queries are constructed inSageBrush by assembling

TELL THE

can then be adapted by the user. Figure 2 (Top) showdgraphical sketches or by selectindgata-domains (i.e.

an exampledata-graphicthat hasbeen retrieved by

databaseattributes) to be visualizednterface details are

SageBook. Figure 2 (Bottom) shows a sketch of the provided in [8]. Whether querying based on graphicadlaia

data-graphiowhen it is broughtinto SageBrush for
manual adaptation.

8. After editingthe sketch, a user mayenerate a new
graphic (i.e. direct SageBrush to convethe sketch
back into design directives and send it to SAGE).

9. SAGE automatically generates the new data-graphic.

10.
library so that it may be reused later.

The example abovenly shows one possiblsequence of

actions. A user is natestricted toexecuting exactly these

actions, and can combine tH#ferent functionalities of the
three modules flexibly.
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Figure 2: (Top) Example data-graphic retrieved by
SageBook. (Bottom) SageBrush interface, showing a
sketch of the data-graphic created by SageBook.

content, users do nateed toknow a complexvocabulary
for describingthat content. They do ndtave to learn the
terms the system uses internally tefer to axes, map

spaces, interval bars, gauges, indented text, etc. Instead with

SageBrush, thegan selecand arrangespaces(e.g. charts,
tables) the objectscontainedwithin those spaces(e.qg.

The user may then save the data-graphic in SageBook'§'arks,bars), andthe objects’ properties (e.golor, size,

shape,positior). Likewise, users do ndtave to learn the
terms for describing the characteristics of dbka, scale of
measurement (nominal, ordinal, quantitative) or
relationships amonglata-domains f¢nctional dependency,
interval, 2D coordinatg Insteadthey simplyload the data-
sets that they wish to peruse into SageBrush'satatg and
select the data-domaitisat they wish to visualize. This is
in contrast to previous systems [2,3,10] that require users to
specify the characteristics of tigeery object viakeywords.
Systems that do noprovide direct-manipulationquery
interfaces forceusers to learn an underlying object
description language.

SageBrush contains methods to convetii@ orgraphical
gueryinto alanguage (design directivetfjat is understood
by SageBookand SAGE. When users select dataset of
currentinterest, the systermextracts thecharacteristics of
each selected data-doma(attribute) and reformulates the
query in terms of underlying data properties.

SageBook does require data objects tachmracterized when
the data is first created. Currently, this characterizatiost
be provided by databaseeators. We expect to be able to
build modules thaextract this characterizationeither by
examining the information typicallytored in databases
(e.g. relation schemes), by examining ttaaitself, or by
interacting with users-However, oncedata is characterized
and stored, userseednot beaware ofthe characteristics or
the language that is used to describe them.

In addition toserving as aguery interface, SageBrush can
also beused to construct data-graphicsand to manually
adapt retrieved data-graphic8ecause of SageBrush's



multiple functionality, any data-graphic that can be  Within each space therenay be several objects called
constructed can also be queried. graphemesExamples of graphemese marks, barstext,

lines, andgaugesEach graphemesesdifferent properties
REPRESENTATION: HOW CAN THE CONTENT OF to defineits appearanceSome of these properties may be
QUERIES AND DATA-GRAPHICS BE DESCRIBED?  sed to encode data-domains or distinguish different relations
A common data and graphic representation is used by_ all thgnhown in the same space. For example, Figure 4 shows a
modules of oursystem. Itprovides a vocabularyhat is  gata-graphic of steel-factory dafhis graphic wasdesigned
capable ofexpressing the syntamnd semantics ofdata-  sing’ SAGEand it uses thesize of the marks in the first
graphic designsand of characterizingthe data contained  spaceo encodebillet-thicknessand thecolor of the bars in
within them. It. isab_le to express t_he sp.atial relationships ipe second spac® distinguishbetweenmaterials-costand
between graphicabbjects, the relationshipsetweendata-  |apor-cost Attributes not encoding domains or relations
domains, and the various graphicand data attributes. have default values (e.g. thelor of the marks).
Through this language, the contentdafta-graphics can be
fully described.

A query specified bythe user withdata andgraphical pniTin —i
symbols is firsttranslatednto this internalrepresentation — =
before it is passed tdageBook for processingThis T
common language allows the user and dliferent modules ALl
of the system to communicate without amgcabulary QIR L
mismatches. Inaddition, all data-graphics generated by e e
SAGE are described using this language. SageBook, in turn, Figure 4: Steel-factory data.
uses the _descriptioassoci_atedvith each data-graphic as an Figure 5 expresses tidata-graphic inFigure 4 in terms of
index for itssearchstrategies. As a result, albta-graphics jis constituents. The data-graphic contains three horizontally
in the SageBook library are automat_mally_mtjexed by SAGEaIigned spaces. Two of thespacesuse thechart layout
when they are first generated. This is a signifi@ivantage  gjscipline and one thetable layout discipline. Within the
compared toother visual searchsystems [2,3,6]which  first space arawo sets of graphemesnarks and interval
requirethe descriptions of images in the graphic library to pars Thepositionof the interval bars is used to express the
be manually entered as keywords. furnace schedule for the differepillets, andthe size of the

— . . . marks is used to exprebillet-thickness The second space
The data characten_zatlon has been described in [9] and is NQlyntains two sets obar graphemesthat use thecolor
repea}ed here. It |r}cludes'the scales of measurement property to distinguish the tweoost dataattributes that the
(nominal, - quantitative,ordinal), structural relationships o sencode Their lengthsencodethe datavalues. The last

amongdata(such as betweethe endpoints ofanges and  gh5cenas a set ofext graphemes whoskettering encodes
betweenthe two domains of @eographic 2D coordinate), atq.

and the dependencies among domains (e.g. whether a person
has one or more birthdatesesidences, or children).

m

However, we will briefly describe the main structures of the F— v h |u«.-
graphical representatidhat relate to SageBook iorder to
facilitate an understanding of the search procedures. = | =
#
Graphic Representation d —'—
Each data-graphic islescribed as aesign specificatign Boanas = — pead
which consists ofseveralspaces.Each space represents a S - L
grouping of graphical elements that are positioaecbrding A I
to a singldayout discipline There are many types of layout 4 h o LA
disciplines; some examples are shown in Figure 3. Dipcipkons | | | \
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Figure 5: Constituents of data-graphics.
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SEARCH: HOW DOES SAGEBOOK FIND WHAT |
WANT?

The process of matching a usguery to the SageBook
library is carried out by two components of thsearch
module: the data-matchand graphic-matcher. Thgraphic-

matching component hdkree alternative match strategies

and the data-matchingcomponent has four. Thdifferent
match strategieprovide differentdegrees ofrelaxation on

e It can separate graphical and data elements and relations
into different classeandweight the classedifferently
in its search criteria. For example, the layout discipline
(chart, map, table, etc.gould be weighted more
heavily than the type ofrapheme(mark, bar,line,
etc.).

A. Graphic-Matching Strategies

the search criteria based on the degree of overlap between tggure 7 shows graphicalquery (i.e. sketch)andthe data-
library data-graphic andhe userquery. Each retrieves a graphics retrieved with that query, using a moderately-

different number of data-graphicdepending orits degree of
relaxation. Partial overlap matching similarity matching
was shown to be importanand useful in Garber's
photograph retrieval system [2].

A typical reason for relaxation is to findompromises in
lieu of finding exactly what one wantsAdditionally,

similarity-based relaxation findstems that are equally
desirablebut thatwould otherwisenot match because of
insignificant feature differences. Most  importantly,
supporting data-graphic design suggests anadditional
function of relaxation: giving usergeas for how to
integrate additional graphicallementsand propertieswith

partial designs theyhave created. The latter answers
guestions such as: Howan additional graphemes lagded
to the spacel've created andhtegratedwith the graphemes
I've already included? How hayeeviousdata-graphicsised
additional properties ofhesegraphemes™ow can other
spaces or graphemes be substituted for the oneseleeted
to express the sameéata? Enabling users toanswer
guestions like these motivated tbleoice of matctcriteria

that evolved in SageBook. Finally, ouchoice of criteria

relaxed matching strategy. SageBook provides the following
three alternative graphic-matching strategies.

Close Graphic-Matching This strategysearchedor library
data-graphicshat havethe same number cfpacesas the
query. InFigure 7, this strategwould haveretrieved the
first four stacks of similardata-graphics(i.e. the stacks
outlined in black). Thesalata-graphicsonly contain one
space because the query has only one space.

For aspacein the query to match acandidatespacein a
library data-graphicboth must employ the same layout
discipline, and every grapheme irthe query spacemust
match agrapheme inthe candidatespace(i.e. the candidate
spacemay containunmatchedyraphemes, evethough the
guery space may noffor agraphemen the query space to
match a andidate grapheme both musthave the same
grapheme-clasge.g. bar, line, mark)and every property
specified inthe query grapheme(e.g. color, shapesize)
must be used by theandidategrapheme. Usinghis search
strategy, the query in Figure 7 will retrieve only thosé&-
graphics consisting of a singtdart that contains ateast

reflected the fact that it was easy for users (or the system) tone mark grapheme. Note that only theositional

remove extra spaceggraphemes,and properties when
adapting the design for new data.

The search strategies in SageBoolare based on the

structural properties of the graphiald dateelements in a

data-graphic. Structural search is masbustand powerful

than keyword search because:

» It recognizegpositional relationships amongraphical
elementsandthe functional relationships idata. For

properties of the markvere specified inthe query; thus
retrieved data-graphicsmay use additional grapheme
properties that the query did not specify.

SubsetGraphic-Matching This strategy is more inclusive
than close graphic-matching. In subset matchintibrary
data-graphicmay contain morespacesthan the query, as
long asevery query space matches a spate the data-
graphic. This strategyetrievesall of the stacks ofdata-

example, structural search would be able to distinguishgraphics in Figure 7. The stacks are sorted according to their
between Figure 6a and Figure 6b because it can tell thajlegree ofsimilarity to the query, based onthe match

in Figure 6a the mark is in the sarsgace ashe bar,

criteria. For example, in Figure 7, all one-spatches are

while in Figure 6b the mark is in the same space as thghown first, followed by all two-space matches, etc.

line. Similarly, it canalso tell that the coloproperty
is used to encode data for the barfFigure 6a,whereas
in Figure 6b the color property issed to encodeata

for the mark.
10 / @) /
(b)

(a)
Figure 6: Data-graphics that are distinguishable by
structural search but not by keyword search.

]

Subset matching supportspaocess resembling Bbrary
search. First, the user enters a query and retrieves a super-set
of data-graphics, each @fhich will containevery element
specified inthe query. Ifthe set is too large, the user can
narrow it by adding more constraints ofeatures to the
query. The user may then browse through data-graphics,
andpick onebased orother criteria. Anyunwanted spaces

can be easily deleted from the data-graphic using SageBrush.

Overlap Graphic-Matching Subset matching magxclude
data-graphicghat are useful but fall slightly short of
meeting the match criteria (i.e. thatery query spacemust
match a spaci the librarydata-graphic)Thus, inaddition

to a strict subsesearch, we implemented a match strategy



that sets uppeand lower boundsaroundthe number of
guery spaces thateed to bematched. These boundse set

to be percentages of the total number of spaces in the query g

B. Data-Matching Strategies
Data-RelationMatching This strategysearchedor library
data-graphicshat containeveryrelation that wasspecified

in the query. This matching strategy is useful when sets of

daily or weeklydatamust beredisplayed in aconsistent
style. This also suggests additionaluse for data-graphic
retrieval - searching for information (rather than jgitphic
displays) stored as graphic media.

Close Data-Matching This strategyenables users ténd
graphics showingdata that has similarcharacteristics to
their current dataGiven a list ofdomains(i.e. the query)
andtheir characteristics, the closiata-matchingalgorithm
tries to find a mapping from thequery domains to the
domains in a librarydata-graphicFor a query domain to
match a candidate domain in a data-graphiey musthave
the samelata-type(nominal, ordinal, quantitative) arfichme
of reference(quantitative/valuationcoordinate),and must
participate in the same kinds fainctional-dependenciesnd
complex typesFigure 8 shows an example tfis data-
matching processActivity matcheshouselD (both have
nominaldata-types), anthaterials-cosmatcheshnumber-of-
rooms (both have quantitative data-types).Start-date and
end-datematch withdate-on-markeanddate-sold,since they
both have the sameframe-of-reference cpordinat¢ and
belong to the same complex-typetérval typg. This
matching process ensurésat the domains in thébrary
data-graphic anthe query are equal imumber, and match

one-to-one, as Figure 8 illustrates.
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Figure 8: Close data-matching process.

Unlike the relation matching strategy, whicbquires the
query andlibrary data-graphic tocontain the verysame
relations, the close data-matching strategy eetuiresthat

the domains have similar data characteristics and
interrelationships. Thus, this strategy is notkeyword

search,but rather is a searclbased on asimilarity of

structure between data-sets.

SubsetData-Matching The idea behind this strategy is
analogous to that of subset graphic-matching. Sufiztet
matching is like closelata-matching, excepiat instead of
requiring a bijective (i.e. one-to-oneand ontg mapping
between domains ithe query andhe library data-graphic,
subset matching allows the libradata-graphic tocontain
more domains than the query, as long as every query domain
matches a domain in the data-graphic.

Overlap Data-Matching As with graphic-matching, a
variant of the subset data-matching strategy eveatedthat
sets uppefand lower boundsaroundthe number ofguery

Figure 7: A graphical query, and the grid of data-graphics retrieved by SageBook for that query using

a subset criterion.



domains thaneed to bematched, instead afising a strict
subset rule.

C. Browsing
If the SageBook library contairtsundreds of data-graphics,
some queriesmay retrieve a largeset of items. Insuch

We areexploring the different possibilities of providing
these methods asindividual options or combined
sequentially to form dierarchicalclassification ofgraphics
within each stack. Oucurrentimplementation groupdata-
graphicsusing afour-tier hierarchyconsisting of thedata-
only (bottom), space-order, grapheme-property, and

cases, the cognitive load placed on users to browse throug§rapheme-numbeftop) categorization method€xpanding

the retrieved data-graphics would &ignificant. To support
browsing, we developed a scrollabigid-like interfacethat

enables multiple data-graphics to \iewed atonce (Figure
7). Our recent work has been on exploring waysrtbance

a stack isequivalent toremoving a constraint for that
particular stack so that members of the steank beviewed
in greaterdetail. A stackcan beexpandednto a series of

stacks which can be further expanded until the bottom of the

browsing efficiency by grouping similar data-graphics into a hierarchy is reached.

stackin one cell of the grid. The number dgéta-graphics in

a stack is indicated by the length of a black bar at the top oOREUSE AND ADAPTATION:

eachcell. Theexpand operation can besed todistribute
members of any stack into mew grid. An interesting
challenge has been ttevelop effectivegrouping strategies
(i.e. similarity criteria) for organizing a largeaumber of

data-graphicsnto a small number of meaningful stacks.

The formal representation oflata-graphics provides a
framework for grouping strategies, asditl for graphic and
data queries.

HOW CAN A DATA-
GRAPHIC BE ADAPTED FOR NEW DATA AFTER
RETRIEVAL?

The existence o$imilarity searchstrategies opens up the
possibility that some of thalata-graphics retrieved by
SageBook may not fullgonform to what the usetesires.
In such casesour system provides manual adaptation
capabilities throughSageBrushand automatic adaptation
capabilities through SageBook.

Since SageBook's purpose is primarily to help users' gefhe automatic-adaptation module does the mappatgeen

design ideas, welefinedfour criteriathat increased design
differences between stacks by grouping similaia-graphics
together. The method namesflectthe aspect of thelata-
graphicswithin a stack thatcan be different.Data-only
groups into a stack all thos#ata-graphicghat have the
same numbemand types of spacesprdering of aligned
spaces, typeandnumber of graphemewithin each space
and properties of graphemes. Effectively, thassscases in
which the samalesign wassavedfor different data. The
spaces-ordemethodgroups together the sandata-graphics
as thedata-onlymethod, but inaddition, it includesdata-
graphics thahave identical designs except ttie ordering

of aligned spaces. For example, data-graphics like the one iRy the lines) and demand units (indicated by the marks). The

Figure 4 would be stored in the same steegiardless of the
left-to-right ordering of the three spaces.

The twotechniques mentionegroup togethedata-graphics

data-domains irthe query to data-domains ithe retrieved
data-graphic based oteir characteristics. Whethere are
data-domains irthe retrieved data-graphithat cannot be
mapped to domains in the query, the adaptation maodaiilile
discard graphical objects frothe data-graphic as necessary.
When it is forced to dthis, theadaptation moduléries to
preserve spacefirst, graphemessecond andgrapheme
properties last.

Figure 9 (Top) shows data-query and amxample data-
graphicthat is retrieved bythat query. This data-graphic
shows a supply-network with supply routes/pdihdicated

data-graphic was retrieved becauseoitains "pathsWhich

are defined by the geographic coordinates of their end-points.

This exactly matches with thdata-domainsstart-location-
n/s start-location-e/w, end-location-n&nd end-location-e/w

that show the samelesign approaches. Other methods in the query data.

differentiate designalternatives. The grapheme-property
method groups togethelata-graphicghat meet thedata-
only criterion, exceptthat graphemesmay use different
properties. For exampledata-graphicslike the one in
Figure 4 would be stored in the same stemgdardless of the
properties of the circlethat were usede.g. color, shape,
size). Thegrapheme-numbemethod groups data-graphics
that havethe same types of graphemeasduses thesame
properties foreach type, in each space. However, the
number ofeach graphemtype in aspacemay differ. For
example, this groups bar charts with one, two, or nbars
per axis element in the same stack or maps witints
containing a single label or multiple labels in thame
stack. Finally, othermethods are possible thatgroup
graphicsbased onstyles of design(e.g. aligned charts,
clustered graphemes, networks, tables, etc.).

Figure 9 (Bottom) shows the newata-graphicthat is
generated from the quedataafter automaticadaptation has
been performed on the data-graphidrigure 9 (Top).Note
that themarksin Figure 9 (Top)werediscarded inFigure 9
(Bottom) becausethe old domains which it expressed
(geographiclocation of demandunits and the quantity
required by thosenits) could not bemapped toany of the
new domains in theguery (i.e. temperatureand troop-
movement-si)e This is becausetemperatureand troop-
movement-sizare properties of the "pathsivhereas the
demand units are totally separate objects.

When there are additional data-domains in the querytdata
cannot be mapped to the retrieved data-graphic, the
adaptation module leaves it ®AGE toaddthem into the
new data-graphic. Inthe exampleadaptationshown in
Figure 9, SAGEadditionally encodedemperatureby using
color and troop-movement-sizeby line thickness In



general, we haveleveloped and equippe@AGE with

knowledge-based design techniques that can complete partial

design specificationd8]. Partial specifications may be
constructed either by SageBookautomatic adaptation
module or by the user. Weave explainechow Figure 9
(Bottom) can be constructedautomatically through
SageBook; [7] shows how it can benstructed bythe user
through SageBrush.
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Figure 9: (Top) A data query and an example data-
graphic retrieved by that query. (Bottom) A new data-
graphic generated from the query data and the data-
graphic design after automatic adaptation.
SUMMARY AND FUTURE WORK
We havedesigned andmplemented a content-basedarch
system, SageBook, whiclprovides users with design
expertise by giving themaccess to a databasepsfor data-
graphics. Unlike prioimage-retrievakystems, the goal of
SageBook is to provide content-based retridaallities in
the context of supportinglata-graphiocdesign. Inorder to
fulfill this goal:
 We havedesigned and developed graphical direct-
manipulation interface (SageBrushfrom which users

can specify requests to the system with ease. SageBrush

can also beused tomanually adapt previous data-
graphics and to construct new ones.

* We have formalized @ontentdescription languagen
order to characterizéhe graphical elementand data-

domains that are contained within a data-graphic as well

as the relationships among thefdser requests are

translated into this vocabulary before they are passed o

to SageBook or SAGE so that thegn be conveyed to
the system without ambiguity.
« We have

users angutomatically stores a description of tiieta
and graphical characteristicaiith each image. This
provides SageBookvith a growing library of data-
graphics that hadeen automatically describedwhen
they are first produced.

implemented an automatic presentation
system, SAGE, which creates data-graphics specified by

« We haveprovidedstrategies tesearchfor data-graphics
based ontheir content (i.e. structurg and their
similarity to the user query.
¢ We have constructeghanual and automatic adaptation
tools to aid users in the process of reusirgrieved
data-graphics for their new data.
Currently, we are running a series of user testsetwhat
effect SageBook has on measurilee ease of creating
designsand the quality and diversity of graphics that are
created. Another area of future work is validatihg utility
of the match criteria, especially our assumptions of the
important criteria for judgingsimilarity. Finally, we are
exploring ways to baseearch onthe information-seeking
goalsthat the graphicare beingdesigned tosupportrather
than just the data that is being visualized [8,9].
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