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Abstract

Few tools exist for data exploration and patterniden-
tification in time seriesdata sets. Timebo»esare rectan-
gular, direct-manipulatiomgueriesfor studyingtime-series
datasetsTimeboxesretheprimary querytoolin our Time-
Seacher application, which supports interactive explo-
ration via dynamicqueries,along with overviewns of query
resultsand drag-and-diop supportfor query-by-eample
ThispaperdescribesheTimeSeatherapplicationandpos-
sible extensiongo the timeboxquery model,along with a
discussiorof the useof TimeSeacher for exploring a time
seriesdatasetinvolving geneexpressionprofiles.
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1. Introduction

Time seriesdatasetsarefoundin mary domainsinclud-
ing finance meteorologyphysiologyandgenetics.To date,
mostinformationvisualizationwork on thesedatasetshas
focusedon display and interactve exploration, often em-
phasizingthe periodic natureof somecalendatbaseddata
sets[7, 15].

Work in datamining hasaddressedhe needfor addi-
tional toolsto identify patternof trendsof interestin these
datasets. Algorithmic andstatisticalmethodsor identify-
ing patterns[1, 2, 3, 6, 10] have provided substantiafunc-
tionality in awide variety of situations.In domainssuchas
stockpriceanalysisfamiliar patternshave beennamedand

BenShneiderman
Departmenbf ComputerScience
Human-ComputeinteractionLab,

Institutefor AdvancedComputerStudiesand

Institutefor System$Research
Universityof Maryland
CollegePark, MD 20742USA
ben@cs.umd.edu

identified as shorthandapproacheso identifying trendsof
interest[18].

Tools for specifying dynamic queriesover thesedata
setshave recentlybeendeveloped: QuerySletch supports
guery-by-examplebasedon a sketch of a desiredprofile
[26], and Spotfires Array Explorer 3 supportsgraphical
queriesfor temporalpatterns[25].

This paperintroducegimeboyes: visual queryoperators
for time seriesdatasets.Timeboxesarerectangularegions
thatareplacedanddirectly manipulatecn atimeline,with
the boundariesof the region providing the relevant query
parametersTheuseof timeboxesis discusseth thecontext
of TimeSearcheradataexplorationtool for time seriesdata.
Relatedresearchs discussedalongwith a descriptionof
plannedextensionsthat will expandthe expressive power
of timeboxqueries.

2. Timeboxes. Interactive Temporal Queries

Timeboxesarerectangulaqueryregionsdravn directly
on a two-dimensionatisplayof temporaldata. The extent
of theTimeboxonthetime (x) axisspecifieghetime period
of interest,while the extenton the value (y) axis specifies
a constrainton the rangeof valuesof interestin the given
time period.More specifically atimeboxthatgoesbetween
(z1,v1 ) and(z2, y2) indicateshatfor thetimerangex; <
x < x9, , the dynamicvariablemusthave a valuein the
rangey; <y <y (@assumingyz > y1 andxa > x1).

We assumehatthetemporaldatais dividedinto discrete
time pointsof granularitydeterminedy eachdataset. The
discretenatureof thedatais enforcedby constrainingime-
boxesto occupy anintegral numberof time points. Multi-
ple timeboxescanbedravn to specifyconjunctive queries.
Itemsin adatasetmustmatchall of theconstraintsmplied
by the active timeboxesin orderto beincludedin theresult



Figure 1. a *“graph envelope” overview,
formed by superimposing the time series for
all of the items in the data set.
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Figure 2. A single timebo x query, for items
between $28 and $64 during weeks 1-5

set.

Creationof timeboxesis straightforvard: the usersim-
ply clicks on the desiredstartingpoint of the timeboxand
dragsthepointerto thedesiredocationof the oppositecor-
ner. As thisis identicalto the mechanisnusedfor creating
rectanglesn widely useddrawing programsthis operation
shouldbe familiar to mostusers.Oncethe timeboxis cre-
ated, it may be draggedto a new location or resizedvia
appropriateresizehandleson the corners,using similarly
familiarinteractions.

In all cases,query processingoccurs on mouse-up.

Whenthe userreleaseghe mouse the currentposition of
thetimeboxis stored the queryis updatedandthe new re-
sultsetis displayed.

Constructiorof timeboesis aidedby drawing all of the
itemsin the datasetdirectly onthe queryarea.This “graph
ervelope”display providesadditionalinsightinto the den-
sity, distributions, and patternsof changefound among
itemsin the dataset, in a displaythatis similar to a par
allel coordinatewisualization [14] (Figure 1).
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Figure 4. A comple x query containing three
timebo xes.

Theexampledatasetshovn in Figure 1 containsveekly
stockpricesfor 1430stocksandwill beusedin abrief sce-
nario to illustrate the useof timeboxes. An analystinter
estedn finding stocksthatroseandthenfell within afour-
monthperiodmight startby drawing a timeboxspecifying
stocksthattradedbetweers28and$64 duringthefirst few
weeks.Whenthis queryis executed the graphernvelopeis
updatedto shav only thoserecordsthat matchthesecon-
straints. We can quickly seethat this query substantially
limits the numberof items underconsiderationput mary
still remain(Figure 2).

Tofind stocksin thisrestrictedsetthatrosein subsequent
weeks,the userdraws a secondbox, specifyingitemsthat
tradedbetween$73 and $147 during weeks10-12 (Figure
3). A third box, specifyinga lower price range($0-$56)
duringweeks19-24completeshe query(Figure 4).

As timeboxesareaddedo thequery thegraphenvelope
providesanongoingdisplayof theeffectsof eachactionand
anoverview of theresultset. Oncecreatedthe timeboxes
can be scaledor moved singly or togetherto modify the
gueryconstraints.



Theuseof simple,familiaridiomsfor creationandmod-
ification of timeboxes supportsinteractve usewith mini-
mal cognitive overhead Rapid (<100ms),automatioquery
processingon mouse-upevents provides the virtually in-
stantaneousesponsenecessaryor dynamicqueries,thus
supportinginteractve data exploration. Userscan easily
and quickly try a wide rangeof queries,modifying these
gueriesto quickly seethe effects of changedn query pa-
rametersThis ability to easilyexplorethedatais helpfulin
identifying specificpatternf interestaswell asin gaining
understandingf the datasetasawhole.

3. TimeSearcher

TimeSearcheusestimeboesto posequeriesover a set
of entitieswith oneor moretime-varyingattributes.Entities
have one or more static attributes,and one or moretime-
varying attributes,with the numberof time pointsandthe
definitionof thosepointsbeingthesamefor everyentityin a
givendataset. If therearemultiple time-varyingattributes,
ary one of them can be selectedfor querying,througha
drop-davn menuthat specifieshe dynamicattribute being
qgueried.All active queriesreferto the sameattribute.

When a datasetis loaded,entitiesin the datasetare
displayedin a window in the upper left-hand corner of
the application. Eachentity is labeledwith its name,and
the valuesof the active dynamicattribute are plottedin a
line graph. Completedetailsaboutthe entity (details-on-
demand)canbe retrieved by simply clicking on the graph
for the desiredentity: this will causethe relevantinforma-
tion to bedisplayedn theupperright-handwindow (Figure
5).

The bottom-leftcornerof the TimeSearchewindow is
the query input space. This spaceinitially containsan
emptygrid. To specifyaquery userssimply draw atimebox
in the desiredocation. Queryprocessindeginsassoonas
usersreleasethe mouse,signifying the completionof the
box. Thus, usersdo not needto pressa buttonto explic-
itly starta search.Whenqueryprocessingcompletesthe
displayin thetop half of theapplicationwindow is updated
to shav thoseentitiesthatmatchthe queryconstraints For
all of theseentities,the time pointsthat correspondo the
queriesare highlighted,in orderto simplify interpretation
of thedisplay

Oncethe initial queryis created the timeboxescanbe
moved andresized. The handandbox iconson the lower
toolbarare usedto switch betweencreatingtimeboxesand
moving/resizingthem. As is the casewith initial timebox
creation,query processingegins immediatelyupon com-
pletionof the movement/resizingf thetimebox.

Whenmultiple timeboxesarepresentthey canbe mod-
ified individually or simultaneouslyin groupsof two or
more. This functionality is particularlyusefulfor searches
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Figure 5. The TimeSearcher application win-
dow. Clockwise from upper-left: data items,
details-on-demand, item list, rang e slider s for
query adjustment, and query space.

for complex patterng(Figure 4). In thesecasespserscan
selectsomeor all of thetimebo»es(usingstandardassoand
shift-click interactions)andsimultaneoushapply the same
translationand/orscalealongeitheror both axesto all se-
lectedtimeboyes. Thisis usefulfor searchindgor instances
of a patternthatvary slightly in scaleor magnitudesor for
modifying queriesbasedn exampleitems.

Timeboxescanalsobeadjustedria apairof rangesliders
in the lower right-handcornerof the screen.Whenatime-
box is selectedor created) theserangeslidersareinitial-
izedwith the parametersf thetimebox,with thetop slider
containingtime extents and the bottom including values.
As eachdimensionis adjustedseparatelypy its own slider,
thesecontrolssupporta degreeof fine-tuningthatmight be
difficult to achieve by draggingthetimeboes. Thesesliders
aredisabledvhenmultiple timeboxesareselected.

Much of the researctin mining of time seriesinvolves
gueriesfor itemsin a datasetthataresimilar to a specified
query [1, 3, 6, 10]. TimeSearcheprovidesa simpledrag-
and-dropgmechanisnfior these'query-by-example"queries:
theusercansimply click onanentryin thedatadisplaywin-
dow, dragit into the querywindow, andreleasehe mouse
to drop,thusinstantiatinga query

The queryresultingfrom a draganddrop hasa separate
timeboxfor eachtime pointin the dataset. Eachtimebox
hasa width of oneinterval, with the queryvaluescentered
aroundthe actualvalueof theattribute for thatentity atthe
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Figure 6. Drag-and-dr op query-by-example,
with results.

giventime point. The heightof eachtimeboxis setto be
10%of thetotalrangeof theattributebeingqueried soeach
timebox hasa rangeof v £+ 5% of the total rangein the
attribute value, wherev is the value of the templatetime
seriesatthegiventime point (Figure 6).

As the resulting query is composedof multiple time-
boxes,it caneasilybemodifiedto accounfor varyinglevels
of similarity. For example,the boxescould be enlagedto
allow for a looserdefinition of similarity, or subsetof the
guerycouldbeeliminatedto focuson itemsthataresimilar
only at specifictime points.

3.1. Overviews

TimeSearcheprovidesa limited overview displayin the
upperleft-handwindow, displayingeachof the entitiesin
the datasetin a linearlist. As this display shovs a small
numberof items at any given time, it is not an effective
overview. Anotherpossibleoverview would displayeachof
the entitiesin a thumbnailgraph. Thesethumbnailswould
be displayedin a grid, insteadof the linear arrangement
shavn in Figures 5 and 6. This approachsuffers from
two shortcomingsFor ary reasonablsizeddataset(more
thanafew dozenitems),thelimited screerspaceavailable
would restricteachthumbnailto a tiny areaof the screen,
renderingit virtually unreadable .Furthermoredisplaying
eachentity in a separatgraphmaynothelpusersn identi-
fying globaltrends,suchasthe extremevaluesof thetime-
varyingattributeatary givenpointin time.
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Figure 8. Query display with data and query
envelopes.

Anotherform of overview mightbe providedby display-
ing the extremevaluesthat canbe found in the datasetat
eachtime point. Known asa “dataervelope”,this overvien
is optionallyshown in thebackgroundf the querywindow
as a contourthat follows the extremevaluesof the query
attribute at eachpoint in time, thusdisplayingthe rangeof
valuesthatmay be queried(Figure 7). Whenthe userex-
ecutesa query the dataervelopeis extendedby a “query
ervelope” - an overlay that outlinesextremevaluesof the
entitiesin theresultset(Figure 8). This display provides
userswith a graphicsummaryof the relationshipbetween
theresultsetandthe datasetasa whole.

Without ary timeboxespresentthe dataenvelopehigh-
lights areaghatwould be fruitful for querycreation while
leaving emptyareasunmarled. For example,the dataen-
velopein Figure 7 doesnot extendto the upperright-hand
corner soqueriesin thatregion would not returnusefulre-
sults. Whenatimeboxis createdthe updatedqueryernve-
lopeshavsthedifferencedbetweerthecurrentresultsetand
the datasetasa whole, thusclarifying the rangeof values
excludedby thetimebox. The queryervelopealsoguides
thecreationof additionaltimeboxes,asqueriesoutsidethis
ervelopewill notmatchary records.



The graphervelope (Section 2) provides further sup-
port for browsingthe dataset. Whenthe usermousesver
a graphervelopeline, theline is highlighted,thusdisplay-
ing theindividual itemsin the context of thelargerdataset.
At the sametime, the item list, item display window, and
details-on-demandindow areupdatedo displayonthese-
lecteditem. This tight couplingin responseo lightweight
mousemovementwill encouragexplorationbasedon vi-
sualexaminationof thegraphenvelopeoverview.

4. Implementation

TimeSearchewas implementedin Java 2, using the
Swing toolkit for userinterface widgets. Drawing and
scengraphcontrol in the dataand query displays,along
with functionality for moving andrescalingtimeboes, is
provided by Jazz,a zoomingtoolkit written in Java [5].
Timeboes, graphsof eachitem, and query and dataen-
velopesareimplementedchsJazzwidgets.As thesewidgets
areimplementedas Java classesthey are easily extended
for specializedise.

Timeboxqueriesare processedia a modified orthogo-
nal rangetree queryalgorithm [8]. Eachof the M N data
pointsin the set(M entitieshaving measurementat each
of N time points)is storedin a two-dimensionabrthogo-
nal rangetree. A timeboxis thenusedto generatea query,
which identifiesall of the datapoints that fall within the
timebox. For eachpoint thatis identified, a counteris in-
crementedn the entity associatedvith thatpoint. Onceall
pointsareprocessedall of the entitiesareexaminedto find
thosethathave a countthatis equalto thewidth of thetime-
box - indicatingthatall of the valuesfor thatentity during
the specifiedtime rangewherein the specifiedvaluerange.

Since the time dimensioncovers a known range,and
eachentity hasa valueat every time point, we usea linear
arrayin placeof therangetreefor thetime dimension.The
startand endpointsin this array canbe found in constant
time, andthe value indicesassociatedvith eachincluded
time pointsarethensearchedTheresultingalgorithmpro-
cessesjueriesof width w in O(w log M N + k) time, where
k is the numberof pointsfoundwithin thetimebox.

5. Application Example: Gene Expression L ev-
elsin DNA Microarray Experiments

Theadwentof DNA microarraytechnologyhasledto the
possibility of experimentsthat examinethe responsef an
entire genometo someevent or stimulus [11]. Many of
theseexperimentsexaminethe changesn geneexpression
that occur over the courseof time [9, 13]. Theseoften
analysesdnvolve identificationof similar profilesin order
to group genesthat have similar expressionpatterns. We
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Figure 9. Yeast genes with peak expression
levels at the 6th measurement - 19 hour s after
placement in new medium.

have beeninvestigatinghe useof TimeSearcheasatool to
supportthe procesof identifying profilesof interest.

In orderto study the shift betweenanaerobicto aero-
bic metabolism,DeRisi, lyer, and Brown examinedgene
expressionchangesin yeast (Sacharomycescerevisiag
cellsat several pointsin time aftertheir placementin fresh
medium [9]. Microarray measurement&ere madeevery
2 hoursbetweer9 and21 hoursafterinitial placementfor
a total of 7 time points. Figure 9 shows a samplequery
identifying geneswith expressiorlevelsthat pealed at the
sixth measuremen(tLl9 hours).

This work and othertime seriesinvestigations [19] in
microarraydatapresentexciting opportunitiesfor the use
of TimeSearcheiin bioinformaticsresearch. In this re-
gard,TimeSearchemight be particularlyusefulwhenused
alongsidevisualizationdasedn clusterecanalysisof gene
expressiorprofiles [17].

6. Related Work

Traditionaltime-seriegraphsareamongthemostfamil-
iar datadisplays.Visualizationsof time-serieglataattempt
to improve the utility of thesecommongraphsthroughthe
useof techniquessuchasincreasedatadensityor polar
coordinatedisplaysthat emphasizehe serial periodic na-
ture of the dataset [7], or by distorting the time axis to
realizedenselinformationdisplays [21]. A recentsuney
of lineartemporalvisualizationsis foundin [24]. Genef
ally, thesetoolsfocuson visualizationandnavigation,with
relatively little emphasi®n queryingdatasets.

A few tools have beendevelopedfor querying time-
seriesdata. MIMSY [22] provided an early example of
searchedor temporalpatternsin stock market data,using
text entry fields, pull-down menus,and other traditional
widgetsto specifytemporalconstraints QuerySletchis an
innovative query-by-e&ampletool thatusesaneasilydravn
sketch of a time-seriesprofile to retrieve similar profiles,



with similarity definedby Euclideandistance [26]. Al-
thoughthe simplicity of the sketchinterfaceis appealing,
the useof Euclideandistanceasa metric canleadto non-
intuitive results [16].

Spotfires Array Explorer3 [25] supportsgraphically
editablequeriesof temporalpatterns,but the resultsetis
generateddy complex metricsin a multidimensionakpace.
This potentapproactproducesisefulresults but useranay
wishto constrairnresultsetsmoreprecisely

As two-dimensionalquery widget, timeboxes are simi-
lar to earlierproposednodelsfor two-dimensionatlynamic
query widgets [23]. Theseearlier proposalsusedtwo-
dimensionalwidgetsto posesimultaneousconstraintson
two variables- for example,the numberof bedroomsand
the price of ahousefor sale.Lik e thesewidgets,timeboxes
are graphicallytwo-dimensional.However, timeboesare
more expressve, aseachtimebox posesconstraintson the
valuefor eachof thew time pointscontainedwithin it.

The datamining communityhasdevelopeda wide va-
riety of innovative techniquedfor algorithmically extract-
ing interestingpatterndrom time series.Usefulapproaches
including dynamictime warping [6] and DiscreteFourier
TransformgDFT) in combinatiorwith spatialqueries[10].
To date, the focusin datamining work hasbeenon the
developmentof searchalgorithms,with relatiely little at-
tentionto query specificationor interactive systems.One
exceptionis Agrawal et al’s ShapeDefinition Language,
which specifiesqueriesin termsof naturallanguagede-
scriptionsof transitionprofiles [2]. Althougha userinter-
faceis not describedan interactive systemmight support
creationof queriesthroughcombinationsof ShapeDefini-
tion Languageprimitives. Supportfor progressie refining
of querieswasaddressetly KeoghandPazanni,who sug-
gestedthe useof relevancefeedbackfor resultsof queries
overtime seriesdata [16].

7. Discussion

The power of the timebox modellies in its simplicity.
Timeboxes are dravn and modified using standarddraw-
ing manipulationswith the graphplot providing a familiar
spacefor constructionand modification of queries. This
combinationof well-known componentdeadsto an inter-
facethatis easilyunderstooavith aminimal cognitive load.

The expressve power of the timebox modellies in the
ability to specify multiple constraintswvith one querywid-
get: by drawing a singlerectangle the userspecifiesboth
avaluerangeanda rangeof time periodsduringwhich the
items musthave valueswithin thatrange. If atime series
with n datapointsis viewed asan n-dimensionaldataset
[10], eachtimebox can be seenas specifying constraints
over a contiguoussubsetof thesen dimensions.Thus,the
creationor a modificationof atimeboxof width w leadsto

the simultaneouspecificatiorof w constraintsThis repre-
sentsa substantialmprovementover single-attritute query
widgets,which would have requiredO(w) individualinter-
actionsto specifythe samenumberof parameters.

Timeboxes also differ from traditional dynamic query
widgetsin their constructionand manipulationdirectly on
thedataspace As timeboxesaredrawn directly ona graph
spacesuitablefor plotting atime seriesthequeriesareeas-
ily interpretechtaglance.Complec queriescontainingmul-
tiple timeboxesprovide visual feedbackthat illustratesthe
patterndefinedby the query (Figure 4). The data,query,
andgraphervelopegdravn directly onthetwo-dimensional
query spaceprovide additional feedbackthat can aid the
procesof creatingqueriesandinterpretingresultsets.

Although their developmentwas motivated by interest
in queryingtime seriesdatasets,timeboxesaremoregen-
eral. For example,ary ordinal dimensionmight be used
on the axis, thus providing opportunitiesto query sequen-
tial datasuchasDNA sequencesyr ary generalfunction.
Timeboxesmightalsobeusedto specifyqueriesn datasets
usingparallelcoordinates[14], if the dimensionsgnvolved
have commonvaluerangesandsomeappropriateordering.

TimeSearcheprovides an initial implementationof a
guerytool basedn thetimeboxmodel. We seeseveral op-
portunitiesfor building on this work to expandthe power of
boththetool andthe model.

7.1. Extending Query Expressiveness

The timebox queries supportedin the current Time-
Searcheimplementatiorarerelatively simple. Specifically
usersarelimited to queriesthatspecifyafixedrangeof val-
uesthat mustbe metduring a fixedtime period. For mary
applications includingexplorationof geneexpressiorev-
els(Section5) - thesequeriesaresufiicient. For othertasks
involving moregenerabjueriesadditionalexpressve power
maybeneeded.

Oneclassof querieshatwould requireextensiongo the
timeboxmodelinvolvesrelative changesn valuesor times.
For example,afinancialanalystmightbeinterestedn find-
ing stocksthat increasedoy somerelative amountin ary
interval. The importantfeatureof this queryis the amount
of the change: unlike existing timebox queries,no abso-
lute valuerangesarespecified.Similarly, we mightimagine
querieghatsearcHor transitionsoccurringduringarbitrary
time periods(e.g.,during ary 2-monthinterval). In focus-
ing onthedirectionandmagnitudeof changesthesequeries
would be similar to thosesupportedy SEQ [2].

Extendingthe timebox model to handlethesequeries
will require additional mechanismsfor specification of
queriesand presentatiorof the results. Specifically addi-
tional widgetsfor expressingan allowablerangeof time or
attribute valueswill be needed,along with visualizations



that clearly indicate the relationshipbetweenqueriesand
results.

Our work with DNA microarraydatasets(Section 5)
hasled to theidentificationof anotherinterestingextension
to thequerymodel.Much of theeffort in microarrayanaly-
sesnvolvestheidentificationof transcriptiorfactors:genes
thatregulatetheexpressiorof othergenesWhenviewedas
time serieslots,theseranscriptiorfactorsappeato “lead”
thegeneghey regulate. Theregulatedgenesoften have ex-
pressiorprofilesthataresimilarto thoseof thetranscription
factors but slightly delayed.

We have begun implementationof query facilities for
supportingthe identification of thesetranscriptionfactors
and their downstreamtargets. The useof thesetools be-
gins with the creationof a setof timeboesthat specifies
the desiredpattern- perhapsthe expressionprofile of the
transcriptionfactor The userthenmakesa menuselection
to note this query as a “leader” pattern. This causeghe
itemsthat markedthe original queryto be highlighted,and
a new query createdwith the samevaluesasthe original,
but timesslightly offset. The new queryboxescanthenbe
movedforwardandbackwardsin time, scaled or otherwise
adjustedo find itemsthat*“lag” in the desiredfashion.We
believe thatthis “leadersandlaggardsfacility hasgeneral
utility for otherfields.

7.2. Additional Data Types

Alternative interpretation®f timeboxesandqueryspace
presentintriguing opportunitiesfor extending the query
model. For example,the value axis might be interpreted
asdescribingdiscretecategories,insteadof real-numbered
values. This modificationwould supportthe useof time-
boxesfor searchingver catgyoricaldatasetssuchasthose
foundin medicalrecords[20, 21].

Timeboxqueriegmightalsobeextendedo temporaldata
sets,suchasthosefoundin video applications [12], med-
ical data [20], market-baslet data [3], and otherapplica-
tions. In thesecasesgeventshave arbitrary duration,and
may occur simultaneously Usersmay want to formulate
gueriesthatco-occur follow or precedesachother, or have
othertime relationships[4]. Maintainingrapid queryeval-
uationfor thesemorecomplicatedqueriesmay be a signifi-
cantchallenge.

7.3. Scaling

In thecurrentTimeSearcheimplementationtime series
are effectively limited in length by the screenspaceavail-
ablefor drawing theplots. For mary applicationsthis limit
of afew hundredime pointsis overly constrainingphysio-
logic, financial,andotherlong-termdatasetsoftengenerate

tensof thousandsef time points. Ideally, atime seriesquery
tool would gracefullyhandlethesdongertime series.

A first approacho increasingthe lengthof manageable
datasetswould be to divide eachitem into a numberof
piecesegachcontaininga numberof time pointsthatcanbe
handledby the software. For example,climate datawith
readingstaken every minute over the courseof mary days
mightbedividedinto blocksof threehoursin length.While
certainly possible this approachs far from ideal, asit ob-
scureghecontinuity of thedataandpotentiallycomplicates
interpretation.

A preferableapproachmight beto provide displaysand
guerytools that examinelong time seriesat progressiely
greateflevelsof detail. Suchatool would begin by present-
ing a condensediew of eachtime serieswith theaverage
of n pointsfrom the original datapresenteds1 point. The
userwould thencreatequeriesandnarrov down to certain
time periodsof interest,restrictingthe displayto a smaller
time rangethat could be displayedin greaterdetail. Even-
tually, the userwould be ableto examinea small subsef
theoriginal time seriesin its original form.

Alternative possibilitiesinclude tools for filtering out
time periodsthatareof little or no interest. Somedatasets
- EKG datafor example- arecharacterizethy long periods
of relatively little changewith occasionaperiodsof intense
actiity. In reviewing thesedatasets,analystsfrequently
wantto ignorethe periodsof inactiity andconcentraten
theinterestingchangesAdditional querywidgetsmight be
providedto supporthisfiltering. For example rangesliders
might be usedto eliminatetime periodswith little change.
Oncesucha selectiorwasmade eachtime seriescould be
reducedto a smallersetof interestingdata,andthe inter-
veningtime pointsneednot bedisplayed.

8. Conclusion

The power of the timebox query model lies in its sim-
plicity: throughmanipulationgamiliar to usersof modern
GUIs, userscansimultaneouslhspecifytwo dimensionsof
aqueryovertime seriegddata. Thecombinatiorof theability
to usemultiple timeboxesto specifya complex queryand
dynamicqueryupdatingprovidesuserswith afastandeasy
tool for exploring thesedatasets.

Ourimplementatiorof the TimeSearcheprototypeand
our work with usershasprovided preliminaryvalidationof
thetimeboxquerymodel. Extensiongo thetool have been
informed by our collaborationswith molecularbiologists
(Section 5) andothermotivatedusers.Furtherassessments
of thetool, in the form of usability evaluationsandempir
ical studiesare planned. We are particularly interestedn
examiningthe performancef timeboxesrelative to combi-
nationsof moretraditionalone-dimensionalangesliders.
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