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Abstract

Few tools exist for data exploration and pattern iden-
tification in time seriesdata sets. Timeboxesare rectan-
gular, direct-manipulationqueriesfor studyingtime-series
datasets.Timeboxesaretheprimaryquerytool in our Time-
Searcher application, which supports interactive explo-
ration via dynamicqueries,along with overviewsof query
resultsand drag-and-drop support for query-by-example.
ThispaperdescribestheTimeSearcherapplicationandpos-
sible extensionsto the timeboxquerymodel,along with a
discussionof theuseof TimeSearcher for exploring a time
seriesdatasetinvolvinggeneexpressionprofiles.
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1. Introduction

Timeseriesdatasetsarefoundin many domainsinclud-
ing finance,meteorology, physiologyandgenetics.To date,
mostinformationvisualizationwork on thesedatasetshas
focusedon display and interactive exploration, often em-
phasizingthe periodicnatureof somecalendar-baseddata
sets [7, 15].

Work in datamining hasaddressedthe needfor addi-
tional toolsto identify patternsof trendsof interestin these
datasets.Algorithmic andstatisticalmethodsfor identify-
ing patterns[1, 2, 3, 6, 10] have providedsubstantialfunc-
tionality in a wide varietyof situations.In domainssuchas
stockpriceanalysis,familiarpatternshavebeennamedand

identifiedasshorthandapproachesto identifying trendsof
interest [18].

Tools for specifying dynamic queriesover thesedata
setshave recentlybeendeveloped: QuerySketchsupports
query-by-examplebasedon a sketch of a desiredprofile
[26], and Spotfire’s Array Explorer 3 supportsgraphical
queriesfor temporalpatterns[25].

This paperintroducestimeboxes:visualqueryoperators
for timeseriesdatasets.Timeboxesarerectangularregions
thatareplacedanddirectlymanipulatedona timeline,with
the boundariesof the region providing the relevant query
parameters.Theuseof timeboxesisdiscussedin thecontext
of TimeSearcher, adataexplorationtool for timeseriesdata.
Relatedresearchis discussed,alongwith a descriptionof
plannedextensionsthat will expandthe expressive power
of timeboxqueries.

2. Timeboxes: Interactive Temporal Queries

Timeboxesarerectangularqueryregionsdrawn directly
on a two-dimensionaldisplayof temporaldata.Theextent
of theTimeboxonthetime(� ) axisspecifiesthetimeperiod
of interest,while the extent on the value(� ) axis specifies
a constrainton the rangeof valuesof interestin the given
timeperiod.Morespecifically, atimeboxthatgoesbetween
(����� � � ) and(����� � � ) indicatesthatfor thetime range�	��
��

��� , , the dynamicvariablemusthave a value in the
range� ��
 � 
 � � (assuming� ��� � � and��������� ).

Weassumethatthetemporaldatais dividedinto discrete
time pointsof granularitydeterminedby eachdataset.The
discretenatureof thedatais enforcedby constrainingtime-
boxesto occupy an integral numberof time points. Multi-
ple timeboxescanbedrawn to specifyconjunctivequeries.
Itemsin adatasetmustmatchall of theconstraintsimplied
by theactive 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.

Figure 2. A single timebo x quer y, for items
between $28 and $64 during weeks 1-5

.

set.
Creationof timeboxesis straightforward: the usersim-

ply clicks on the desiredstartingpoint of the timeboxand
dragsthepointerto thedesiredlocationof theoppositecor-
ner. As this is identicalto themechanismusedfor creating
rectanglesin widely useddrawing programs,this operation
shouldbe familiar to mostusers.Oncethe timeboxis cre-
ated, it may be draggedto a new location or resizedvia
appropriateresizehandleson the corners,using similarly
familiar interactions.

In all cases,query processingoccurs on mouse-up.
Whenthe userreleasesthe mouse,the currentpositionof
thetimeboxis stored,thequeryis updated,andthenew re-
sult setis displayed.

Constructionof timeboxesis aidedby drawing all of the
itemsin thedatasetdirectlyon thequeryarea.This “graph
envelope”displayprovidesadditionalinsight into the den-
sity, distributions, and patternsof changefound among
items in the dataset, in a display that is similar to a par-
allel coordinatesvisualization [14] (Figure 1).

Figure 3. A refinement of the quer y in Figure
2.

Figure 4. A comple x quer y containing three
timebo xes.

Theexampledatasetshown in Figure 1 containsweekly
stockpricesfor 1430stocksandwill beusedin a brief sce-
nario to illustrate the useof timeboxes. An analystinter-
estedin finding stocksthatroseandthenfell within a four-
monthperiodmight startby drawing a timeboxspecifying
stocksthattradedbetween$28and$64duringthefirst few
weeks.Whenthis queryis executed,thegraphenvelopeis
updatedto show only thoserecordsthat matchthesecon-
straints. We can quickly seethat this query substantially
limits the numberof itemsunderconsideration,but many
still remain(Figure 2).

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

As timeboxesareaddedto thequery, thegraphenvelope
providesanongoingdisplayof theeffectsof eachactionand
anoverview of the resultset. Oncecreated,the timeboxes
can be scaledor moved singly or togetherto modify the
queryconstraints.



Theuseof simple,familiar idiomsfor creationandmod-
ification of timeboxessupportsinteractive usewith mini-
mal cognitiveoverhead.Rapid( � 100ms),automaticquery
processingon mouse-upeventsprovides the virtually in-
stantaneousresponsenecessaryfor dynamicqueries,thus
supportinginteractive dataexploration. Userscan easily
andquickly try a wide rangeof queries,modifying these
queriesto quickly seethe effectsof changesin querypa-
rameters.Thisability to easilyexplorethedatais helpful in
identifyingspecificpatternsof interest,aswell asin gaining
understandingof thedatasetasawhole.

3. TimeSearcher

TimeSearcherusestimeboxesto posequeriesover a set
of entitieswith oneor moretime-varyingattributes.Entities
have oneor morestaticattributes,andoneor more time-
varying attributes,with the numberof time pointsandthe
definitionof thosepointsbeingthesamefor everyentityin a
givendataset. If therearemultiple time-varyingattributes,
any one of them can be selectedfor querying, througha
drop-down menuthatspecifiesthedynamicattributebeing
queried.All activequeriesreferto thesameattribute.

When a dataset is loaded,entities in the dataset are
displayedin a window in the upper left-hand corner of
the application. Eachentity is labeledwith its name,and
the valuesof the active dynamicattribute areplotted in a
line graph. Completedetailsaboutthe entity (details-on-
demand)canbe retrievedby simply clicking on the graph
for thedesiredentity: this will causetherelevant informa-
tion to bedisplayedin theupperright-handwindow (Figure
5).

The bottom-leftcornerof the TimeSearcherwindow is
the query input space. This spaceinitially containsan
emptygrid. To specifyaquery, userssimplydraw atimebox
in thedesiredlocation.Queryprocessingbeginsassoonas
usersreleasethe mouse,signifying the completionof the
box. Thus,usersdo not needto pressa button to explic-
itly starta search.Whenqueryprocessingcompletes,the
displayin thetophalf of theapplicationwindow is updated
to show thoseentitiesthatmatchthequeryconstraints.For
all of theseentities,the time pointsthat correspondto the
queriesarehighlighted,in order to simplify interpretation
of thedisplay.

Oncethe initial query is created,the timeboxescanbe
movedandresized.The handandbox iconson the lower
toolbarareusedto switchbetweencreatingtimeboxesand
moving/resizingthem. As is the casewith initial timebox
creation,queryprocessingbegins immediatelyuponcom-
pletionof themovement/resizingof thetimebox.

Whenmultiple timeboxesarepresent,they canbemod-
ified individually or simultaneouslyin groupsof two or
more. This functionality is particularlyusefulfor searches

Figure 5. The TimeSearcher application win-
dow. Cloc kwise from upper -left: data items,
details-on-demand, item list, rang e slider s for
quer y adjustment, and quer y space .

for complex patterns(Figure 4). In thesecases,userscan
selectsomeorall of thetimeboxes(usingstandardlassoand
shift-click interactions)andsimultaneouslyapply thesame
translationand/orscalealongeitheror bothaxesto all se-
lectedtimeboxes.This is usefulfor searchingfor instances
of a patternthatvary slightly in scaleor magnitudes,or for
modifying queriesbasedon exampleitems.

Timeboxescanalsobeadjustedviaapairof rangesliders
in the lower right-handcornerof thescreen.Whena time-
box is selected(or created),theserangeslidersareinitial-
izedwith theparametersof thetimebox,with thetop slider
containingtime extentsand the bottom including values.
As eachdimensionis adjustedseparatelyby its own slider,
thesecontrolssupporta degreeof fine-tuningthatmight be
difficult to achievebydraggingthetimeboxes.Thesesliders
aredisabledwhenmultiple timeboxesareselected.

Much of the researchin mining of time seriesinvolves
queriesfor itemsin a datasetthataresimilar to a specified
query [1, 3, 6, 10]. TimeSearcherprovidesa simpledrag-
and-dropmechanismfor these”query-by-example”queries:
theusercansimplyclick onanentryin thedatadisplaywin-
dow, dragit into thequerywindow, andreleasethemouse
to drop,thusinstantiatinga query.

Thequeryresultingfrom a draganddrophasa separate
timeboxfor eachtime point in the dataset. Eachtimebox
hasa width of oneinterval, with thequeryvaluescentered
aroundtheactualvalueof theattributefor thatentity at the



Figure 6. Drag-and-dr op quer y-by-example ,
with results.

given time point. The heightof eachtimebox is set to be
10%of thetotalrangeof theattributebeingqueried,soeach
timebox hasa rangeof ������� of the total rangein the
attribute value, where � is the value of the templatetime
seriesat thegiventime point (Figure 6).

As the resultingquery is composedof multiple time-
boxes,it caneasilybemodifiedto accountfor varyinglevels
of similarity. For example,the boxescouldbe enlargedto
allow for a looserdefinitionof similarity, or subsetsof the
querycouldbeeliminatedto focuson itemsthataresimilar
only at specifictimepoints.

3.1. Overviews

TimeSearcherprovidesa limited overview displayin the
upperleft-handwindow, displayingeachof the entitiesin
the dataset in a linear list. As this displayshows a small
numberof items at any given time, it is not an effective
overview. Anotherpossibleoverview woulddisplayeachof
theentitiesin a thumbnailgraph.Thesethumbnailswould
be displayedin a grid, insteadof the linear arrangement
shown in Figures 5 and 6. This approachsuffers from
two shortcomings.For any reasonablysizeddataset(more
thana few dozenitems),the limited screenspaceavailable
would restricteachthumbnailto a tiny areaof the screen,
renderingit virtually unreadable.Furthermore,displaying
eachentity in aseparategraphmaynothelpusersin identi-
fying globaltrends,suchastheextremevaluesof thetime-
varyingattributeatany givenpoint in time.

Figure 7. Query windo w with data envelope .

Figure 8. Query displa y with data and quer y
envelopes.

Anotherform of overview mightbeprovidedby display-
ing the extremevaluesthat canbe found in the datasetat
eachtimepoint. Known asa“dataenvelope”,thisoverview
is optionallyshown in thebackgroundof thequerywindow
asa contourthat follows the extremevaluesof the query
attributeat eachpoint in time, thusdisplayingtherangeof
valuesthatmaybequeried(Figure 7). Whenthe userex-
ecutesa query, the dataenvelopeis extendedby a “query
envelope” - an overlay that outlinesextremevaluesof the
entitiesin the resultset(Figure 8). This displayprovides
userswith a graphicsummaryof the relationshipbetween
theresultsetandthedatasetasa whole.

Without any timeboxespresent,thedataenvelopehigh-
lights areasthatwould befruitful for querycreation,while
leaving emptyareasunmarked. For example,the dataen-
velopein Figure 7 doesnot extendto theupperright-hand
corner, soqueriesin thatregion would not returnusefulre-
sults. Whena timeboxis created,the updatedqueryenve-
lopeshowsthedifferencesbetweenthecurrentresultsetand
the datasetasa whole, thusclarifying the rangeof values
excludedby the timebox. The queryenvelopealsoguides
thecreationof additionaltimeboxes,asqueriesoutsidethis
envelopewill not matchany records.



The graphenvelope(Section 2) provides further sup-
port for browsingthedataset. Whentheusermousesover
a graphenvelopeline, the line is highlighted,thusdisplay-
ing theindividual itemsin thecontext of thelargerdataset.
At the sametime, the item list, item displaywindow, and
details-on-demandwindow areupdatedto displayonthese-
lecteditem. This tight couplingin responseto lightweight
mousemovementwill encourageexplorationbasedon vi-
sualexaminationof thegraphenvelopeoverview.

4. Implementation

TimeSearcherwas implementedin Java 2, using the
Swing toolkit for user-interface widgets. Drawing and
scenegraphcontrol in the dataand query displays,along
with functionality for moving andrescalingtimeboxes, is
provided by Jazz,a zoomingtoolkit written in Java [5].
Timeboxes, graphsof eachitem, and query and dataen-
velopesareimplementedasJazzwidgets.As thesewidgets
are implementedasJava classes,they areeasilyextended
for specializeduse.

Timeboxqueriesareprocessedvia a modifiedorthogo-
nal rangetreequeryalgorithm [8]. Eachof the ��� data
pointsin the set( � entitieshaving measurementsat each
of � time points) is storedin a two-dimensionalorthogo-
nal rangetree. A timeboxis thenusedto generatea query,
which identifiesall of the datapoints that fall within the
timebox. For eachpoint that is identified,a counteris in-
crementedin theentity associatedwith thatpoint. Onceall
pointsareprocessed,all of theentitiesareexaminedto find
thosethathaveacountthatis equalto thewidth of thetime-
box - indicatingthatall of thevaluesfor thatentity during
thespecifiedtimerangewherein thespecifiedvaluerange.

Since the time dimensioncovers a known range,and
eachentity hasa valueat every time point, we usea linear
arrayin placeof therangetreefor thetime dimension.The
startandendpointsin this arraycanbe found in constant
time, and the value indicesassociatedwith eachincluded
time pointsarethensearched.Theresultingalgorithmpro-
cessesqueriesof width � in �� !�#"!$&%����('*),+ time,where
) is thenumberof pointsfoundwithin thetimebox.

5. Application Example: Gene Expression Lev-
els in DNA Microarray Experiments

Theadventof DNA microarraytechnologyhasledto the
possibilityof experimentsthatexaminethe responseof an
entiregenometo someevent or stimulus [11]. Many of
theseexperimentsexaminethechangesin geneexpression
that occur over the courseof time [9, 13]. Theseoften
analysesinvolve identificationof similar profiles in order
to group genesthat have similar expressionpatterns. We

Figure 9. Yeast genes with peak expression
levels at the 6th measurement - 19 hour s after
placement in new medium.

havebeeninvestigatingtheuseof TimeSearcherasatool to
supporttheprocessof identifyingprofilesof interest.

In order to study the shift betweenanaerobicto aero-
bic metabolism,DeRisi, Iyer, and Brown examinedgene
expressionchangesin yeast (Saccharomycescerevisiae)
cellsat severalpointsin time after their placementin fresh
medium [9]. Microarraymeasurementsweremadeevery
2 hoursbetween9 and21 hoursafter initial placement,for
a total of 7 time points. Figure 9 shows a samplequery,
identifying geneswith expressionlevels thatpeakedat the
sixthmeasurement(19hours).

This work andother time seriesinvestigations [19] in
microarraydatapresentexciting opportunitiesfor the use
of TimeSearcherin bioinformatics research. In this re-
gard,TimeSearchermight beparticularlyusefulwhenused
alongsidevisualizationsbasedonclusteredanalysisof gene
expressionprofiles [17].

6. Related Work

Traditionaltime-seriesgraphsareamongthemostfamil-
iar datadisplays.Visualizationsof time-seriesdataattempt
to improve theutility of thesecommongraphs,throughthe
useof techniquessuchas increaseddatadensityor polar-
coordinatedisplaysthat emphasizethe serial periodic na-
ture of the dataset [7], or by distorting the time axis to
realizedenserinformationdisplays [21]. A recentsurvey
of linear temporalvisualizationsis found in [24]. Gener-
ally, thesetoolsfocuson visualizationandnavigation,with
relatively little emphasisonqueryingdatasets.

A few tools have beendevelopedfor querying time-
seriesdata. MIMSY [22] provided an early exampleof
searchesfor temporalpatternsin stockmarket data,using
text entry fields, pull-down menus,and other traditional
widgetsto specifytemporalconstraints.QuerySketchis an
innovativequery-by-exampletool thatusesaneasilydrawn
sketch of a time-seriesprofile to retrieve similar profiles,



with similarity definedby Euclideandistance [26]. Al-
thoughthe simplicity of the sketch interfaceis appealing,
the useof Euclideandistanceasa metric canleadto non-
intuitiveresults [16].

Spotfire’s Array Explorer 3 [25] supportsgraphically
editablequeriesof temporalpatterns,but the result set is
generatedby complex metricsin a multidimensionalspace.
Thispotentapproachproducesusefulresults,but usersmay
wish to constrainresultsetsmoreprecisely.

As two-dimensionalquerywidget, timeboxesaresimi-
lar to earlierproposedmodelsfor two-dimensionaldynamic
query widgets [23]. Theseearlier proposalsusedtwo-
dimensionalwidgets to posesimultaneousconstraintson
two variables- for example,the numberof bedroomsand
thepriceof a housefor sale.Like thesewidgets,timeboxes
aregraphicallytwo-dimensional.However, timeboxesare
moreexpressive, aseachtimeboxposesconstraintson the
valuefor eachof the � timepointscontainedwithin it.

The datamining communityhasdevelopeda wide va-
riety of innovative techniquesfor algorithmically extract-
ing interestingpatternsfrom timeseries.Usefulapproaches
including dynamictime warping [6] andDiscreteFourier
Transforms(DFT) in combinationwith spatialqueries[10].
To date, the focus in datamining work hasbeenon the
developmentof searchalgorithms,with relatively little at-
tention to queryspecificationor interactive systems.One
exceptionis Agrawal et al.’s ShapeDefinition Language,
which specifiesqueriesin terms of natural languagede-
scriptionsof transitionprofiles [2]. Althougha userinter-
faceis not described,an interactive systemmight support
creationof queriesthroughcombinationsof ShapeDefini-
tion Languageprimitives. Supportfor progressive refining
of querieswasaddressedby KeoghandPazanni,who sug-
gestedthe useof relevancefeedbackfor resultsof queries
over time seriesdata [16].

7. Discussion

The power of the timebox model lies in its simplicity.
Timeboxesare drawn and modified using standarddraw-
ing manipulations,with thegraphplot providing a familiar
spacefor constructionand modificationof queries. This
combinationof well-known componentsleadsto an inter-
facethatis easilyunderstoodwith aminimalcognitiveload.

The expressive power of the timeboxmodel lies in the
ability to specifymultiple constraintswith onequerywid-
get: by drawing a singlerectangle,the userspecifiesboth
a valuerangeanda rangeof time periodsduringwhich the
itemsmusthave valueswithin that range. If a time series
with - datapoints is viewed asan - -dimensionaldataset
[10], eachtimebox can be seenas specifyingconstraints
over a contiguoussubsetof these- dimensions.Thus,the
creationor a modificationof a timeboxof width � leadsto

thesimultaneousspecificationof � constraints.This repre-
sentsa substantialimprovementover single-attributequery
widgets,whichwould haverequired�� .�/+ individual inter-
actionsto specifythesamenumberof parameters.

Timeboxes also differ from traditional dynamic query
widgetsin their constructionandmanipulationdirectly on
thedataspace.As timeboxesaredrawn directly on a graph
spacesuitablefor plottinga timeseries,thequeriesareeas-
ily interpretedataglance.Complex queriescontainingmul-
tiple timeboxesprovide visual feedbackthat illustratesthe
patterndefinedby the query(Figure 4). The data,query,
andgraphenvelopesdrawn directlyonthetwo-dimensional
query spaceprovide additional feedbackthat can aid the
processof creatingqueriesandinterpretingresultsets.

Although their developmentwas motivatedby interest
in queryingtime seriesdatasets,timeboxesaremoregen-
eral. For example,any ordinal dimensionmight be used
on the axis, thusproviding opportunitiesto querysequen-
tial datasuchasDNA sequences,or any generalfunction.
Timeboxesmightalsobeusedto specifyqueriesin datasets
usingparallelcoordinates[14], if thedimensionsinvolved
havecommonvaluerangesandsomeappropriateordering.

TimeSearcherprovides an initial implementationof a
querytool basedon thetimeboxmodel.We seeseveralop-
portunitiesfor building onthiswork to expandthepowerof
boththetool andthemodel.

7.1. Extending Query Expressiveness

The timebox queriessupportedin the current Time-
Searcherimplementationarerelatively simple.Specifically,
usersarelimited to queriesthatspecifyafixedrangeof val-
uesthatmustbemetduringa fixedtime period. For many
applications- includingexplorationof geneexpressionlev-
els(Section5) - thesequeriesaresufficient. For othertasks
involvingmoregeneralqueries,additionalexpressivepower
maybeneeded.

Oneclassof queriesthatwould requireextensionsto the
timeboxmodelinvolvesrelativechangesin valuesor times.
For example,afinancialanalystmightbeinterestedin find-
ing stocksthat increasedby somerelative amountin any
interval. The importantfeatureof this queryis theamount
of the change:unlike existing timebox queries,no abso-
lutevaluerangesarespecified.Similarly, wemight imagine
queriesthatsearchfor transitionsoccurringduringarbitrary
time periods(e.g.,duringany 2-monthinterval). In focus-
ingonthedirectionandmagnitudeof changes,thesequeries
wouldbesimilar to thosesupportedby SEQ [2].

Extendingthe timebox model to handlethesequeries
will require additional mechanismsfor specificationof
queriesandpresentationof the results. Specifically, addi-
tional widgetsfor expressinganallowablerangeof time or
attribute valueswill be needed,along with visualizations



that clearly indicatethe relationshipbetweenqueriesand
results.

Our work with DNA microarraydatasets(Section 5)
hasled to theidentificationof anotherinterestingextension
to thequerymodel.Muchof theeffort in microarrayanaly-
sesinvolvestheidentificationof transcriptionfactors:genes
thatregulatetheexpressionof othergenes.Whenviewedas
timeseriesplots,thesetranscriptionfactorsappearto “lead”
thegenesthey regulate.Theregulatedgenesoftenhaveex-
pressionprofilesthataresimilarto thoseof thetranscription
factors,but slightly delayed.

We have begun implementationof query facilities for
supportingthe identificationof thesetranscriptionfactors
and their downstreamtargets. The useof thesetools be-
gins with the creationof a setof timeboxesthat specifies
the desiredpattern- perhapsthe expressionprofile of the
transcriptionfactor. Theuserthenmakesa menuselection
to note this query as a “leader” pattern. This causesthe
itemsthatmarkedtheoriginal queryto behighlighted,and
a new querycreatedwith the samevaluesas the original,
but timesslightly offset. Thenew queryboxescanthenbe
movedforwardandbackwardsin time,scaled,or otherwise
adjustedto find itemsthat “lag” in thedesiredfashion.We
believe that this “leadersandlaggards”facility hasgeneral
utility for otherfields.

7.2. Additional Data Types

Alternative interpretationsof 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 searchingovercategoricaldatasetssuchasthose
foundin medicalrecords[20, 21].

Timeboxqueriesmightalsobeextendedto temporaldata
sets,suchasthosefound in videoapplications [12], med-
ical data [20], market-basket data [3], andotherapplica-
tions. In thesecases,eventshave arbitrary duration,and
may occur simultaneously. Usersmay want to formulate
queriesthatco-occur, follow or precedeeachother, or have
othertime relationships[4]. Maintainingrapidqueryeval-
uationfor thesemorecomplicatedqueriesmaybeasignifi-
cantchallenge.

7.3. Scaling

In thecurrentTimeSearcherimplementation,timeseries
areeffectively limited in lengthby the screenspaceavail-
ablefor drawing theplots.For many applications,this limit
of afew hundredtimepointsis overly constraining:physio-
logic, financial,andotherlong-termdatasetsoftengenerate

tensof thousandsof timepoints.Ideally, atimeseriesquery
tool wouldgracefullyhandletheselongertimeseries.

A first approachto increasingthe lengthof manageable
datasetswould be to divide eachitem into a numberof
pieces,eachcontaininganumberof time pointsthatcanbe
handledby the software. For example,climate datawith
readingstakenevery minuteover the courseof many days
mightbedividedinto blocksof threehoursin length.While
certainlypossible,this approachis far from ideal,asit ob-
scuresthecontinuityof thedataandpotentiallycomplicates
interpretation.

A preferableapproachmight beto provide displaysand
querytools that examinelong time seriesat progressively
greaterlevelsof detail.Suchatool wouldbegin by present-
ing a condensedview of eachtime series,with theaverage
of - pointsfrom theoriginal datapresentedas1 point. The
userwould thencreatequeriesandnarrow down to certain
time periodsof interest,restrictingthedisplayto a smaller
time rangethatcouldbedisplayedin greaterdetail. Even-
tually, theuserwould beableto examinea small subsetof
theoriginal timeseriesin its original form.

Alternative possibilities include tools for filtering out
time periodsthatareof little or no interest.Somedatasets
- EKG data,for example- arecharacterizedby longperiods
of relatively little changewith occasionalperiodsof intense
activity. In reviewing thesedatasets,analystsfrequently
want to ignoretheperiodsof inactivity andconcentrateon
theinterestingchanges.Additional querywidgetsmight be
providedto supportthisfiltering. For example,rangesliders
might be usedto eliminatetime periodswith little change.
Oncesucha selectionwasmade,eachtime seriescouldbe
reducedto a smallersetof interestingdata,andthe inter-
veningtime pointsneednot bedisplayed.

8. Conclusion

The power of the timeboxquerymodel lies in its sim-
plicity: throughmanipulationsfamiliar to usersof modern
GUIs, userscansimultaneouslyspecifytwo dimensionsof
aqueryovertimeseriesdata.Thecombinationof theability
to usemultiple timeboxesto specifya complex queryand
dynamicqueryupdatingprovidesuserswith a fastandeasy
tool for exploring thesedatasets.

Our implementationof theTimeSearcherprototypeand
our work with usershasprovidedpreliminaryvalidationof
thetimeboxquerymodel.Extensionsto thetool have been
informed by our collaborationswith molecularbiologists
(Section 5) andothermotivatedusers.Furtherassessments
of the tool, in the form of usabilityevaluationsandempir-
ical studiesareplanned. We areparticularly interestedin
examiningtheperformanceof timeboxesrelative to combi-
nationsof moretraditionalone-dimensionalrangesliders.
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