Weaving Versus Blending: a quantitative assessment of the
information carrying capacities of two alternative methods for
conveying multivariate data with color
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Abstract — In many applications, it is important to understand the individual values of, and relationships between, multiple related
scalar variables de ned across a common domain. Several approaches have been proposed for representing data in these situations.
In this paper we focus on strategies for the visualization of multivariate data that rely on color mixing. In particular, through a series
of controlled observer experiments, we seek to establish a fundamental understanding of the information-carrying capacities of two
alternative methods for encoding multivariate information using color: color blending and color weaving. We begin with a baseline
experiment in which we assess participants' abilities to accurately read numerical data encoded in six different basic color scales
de ned in the L*a*b* color space. We then assess participants' abilities to read combinations of 2, 3, 4 and 6 different data values
represented in a common region of the domain, encoded using either color blending or color weaving. In color blending a single mixed
color is formed via linear combination of the individual values in L*a*b* space, and in color weaving the original individual colors are
displayed side-by-side in a high frequency texture that lls the region. A third experiment was conducted to clarify some of the trends
regarding the color contrast and its effect on the magnitude of the error that was observed in the second experiment. The results
indicate that when the component colors are represented side-by-side in a high frequency texture, most participants' abilities to infer
the values of individual components are signi cantly improved, relative to when the colors are blended. Participants' performance was
signi cantly better with color weaving particularly when more than 2 colors were used, and even when the individual colors subtended
only 3 minutes of visual angle in the texture. However, the information-carrying capacity of the color weaving approach has its limits.
We found that participants' abilities to accurately interpret each of the individual components in a high frequency color texture typically
falls off as the number of components increases from 4 to 6. We found no signi cant advantages, in either color blending or color
weaving, to using color scales based on component hues that are more widely separated in the L*a*b* color space. Furthermore, we

found some indications that extra dif culties may arise when opponent hues are employed.

Index Terms—Color, perception, visualization, color weaving, color blending.
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1 INTRODUCTION

Domainsrelatedto analysisand understandingf the turbulent o w,
meteorologygeologyandastronomyare a few examplesof applica-
tionsin which the eld expertsregularly look at and make decisions
basedon the relationshipbetweenseveral continuousor sggmented
variables. As a result, one of the primary strugglesof Multivariate
Visualizationis managinghe dif cult taskof effectively layeringthe
data. Unfortunately the cumulatie effect of the layersandtheir in-
teractionresultin unwantedcolorsandpatternghatmight misleadan
obserer into perceving correlationsor interactionsthat do not exist
amongthe original layersof data. Presentinghe userwith too much
information may clutter the display and overwhelmthe obserer. It
is thusimperatize to keepthe layersas distinct from eachotheras
possibleandif they arecombined,it is donein a perceptuallycom-
prehensiblemanner Additionally, the layering of information must
provide coherenceand precisionby remainingfaithful to the proper
relationshipamongthelayersof informationsuchthatdifferentpieces
of informationcanbevisually comparedo eachother[12], [13].
Variousstratgieshave beenproposedor representingnultivariate
datasetsvith color, textons,iconsandothergraphicalobjects.Exam-
plesof thesemethodsareusingvarioustypesof glyph for sgmented
data,combiningcolor andtexture for multivariatevisualizationsand
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otherintegratedmethodsncluding the following articles[4], [9], [5],
[14], 8], [7], [3].

Theideaof "small multiples” [12] presentsanef cient perception
taskin which by decodingthe designof oneslice of data,obserers
gain cognitive accesdo the restof the datain othersliceswhich are
expressedn thesamemanner Thefamiliarity andconsisteng of ade-
signwith this characteristienableshe obsenersto maintaina better
focusonthechangesn theinformation.

Otherpopularstratgiesfor shaving color codeddata,includeas-
semblingseveral semi-transparerayerson top of eachother; shaw-
ing all layerscovering the samespacesequentiallyin time by giving
the userthe ability of going backandforth throughthemand nally
presenting/ariousvariablesin separatenaps.

This paperfocuseson stratgiesfor the visualizationof multivari-
ate datathat rely on color mixing. Particularly we aim to provide
guantitatve assessmentf the relative effectivenessof two of these
representationscolor blendingand color weaving. In color blend-
ing, the mostcommonapproachn datarepresentatiomsingcolor, a
singlecompositecolor is usedto corvey the valuesof multiple color
encodedjuantities. In color weaving, a form of which wasrecently
developedfor o w illustration, theindividual colorsof multiple vari-
ablesareseparatelyovento form a ne-grainedtexture pattern.Part
of ourfutureresearchs to compareheeffectivenesf multiple maps
eachrepresentingneof thevariablesin amultivariate eld, to arep-
resentatiorwhich combinesall variablesside by sidein onedisplay
usingdifferentcolors.

Themainmotivationbehindcolorwearving is to facilitatethetaskof

nding unknowvn patternamongdifferentvariablesnvolvedin amul-

tivariatedataset. The userstudiesare designedo provide obserers
with anestimateof the errorobserersmay expectwhenutilizing this
representation.

In Sectionl.1we presensomeof the previous studiesthatarethe
mostrelatedto oursincludingthosein the eld of cartograpk which
hasdevoted a considerableamountof effort to investigating the de-
velopmentandevaluationof two dimensionaimediafor representing



Fig. 1. Three slices of the L*a*b* color space used to construct the color ramps. From left to right: at L=62, L= 79.5, L=97

sggmentedandcontinuougdata.

We bggin with a baselineexperiment,in which we assespartici-
pants' abilities to accuratelyreadnumericaldataencodedn six dif-
ferentbasiccolor scalesde ned in the L*a*h* color space.We then
assesgarticipants'abilitiesto readcombination®f 2, 3, 4 and6 dif-
ferentdatavaluesrepresenteéh a commonregion of thedomain,en-
codedusingeithercolor blendingor color weaving.

Although our presentexperimentsemplgy censusdata,in which
a singlevalue of a particularvariableappliesto a moderatelysized
region of the domain,our ultimate objectie is to facilitatethe effec-
tive representationf multiple co-locatedcontinuougdistributions, in
which eachvariabletypically assumes slightly differentvalueat ev-
ery pointacrosghe domain;our useof high frequeny texturesin the
presentstudyis intendedto lay the foundationfor thesesubsequent
investigations.

2 PREVIOUS WORK

Sheltonand Glimartin [6], investigatedhow quickly and accurately
mapreaders/iewing choroplethmapson monitorswereableto iden-

tify to which classan arealunit on the mapbelongedto. They pro-

vided cartographersvith empirical guidelinesregarding the level of

map readingaccuray that might be expectedfor choroplethmaps.
Themapsin questiorhadbetwee and8 classesandwereproduced
in shade®f gray, greenor magentaAs expectedjncreasinghenum-

ber of classen the mapled to a decreaseén the accuray rateand

anincreasen thereactiontimesof participants Hue alsoaffectedthe

accurag ratesandthereactiontimes.

In anextensve study[10], Mersegy investigatedthe effectivenesof
colorin symbolizinginformationonthematianaps.A largenumberof
subjectsevaluatedthe effectivenessof variousgradedcolor schemes.
Theseestmapsemployedsix distinctcolor schemeandfour different
numberof datacategories. Subjectsvereasledto performtentasks,
which attemptedo duplicaterealisticmapusetasksdealingwith both
speci ¢ and generalmap information. Sometaskswere performed
by conferringto the mapdirectly whereotherswere completedrom
memory Theresearctemphasize@d numberof comple interactions
amongseveral variables:the choiceof color schemethe numberof
dataclassegresentedn the map and the natureof the taskto be
performedwith maps.

In one of the earlieststudiesin cartographicmultivariate visual-
ization, Rogersand Groop[11] developeda multi patternsparsecol-
ored dot mapto portray multiple distributionsin the samemap. A
userstudywasconductedo comparethe relative effectivenesof the
multi patterndot mapto singledistribution dot mapsby askingpartic-
ipantsto do variousmapreadingtasks. Analysisof the participants'
responsewasbasedn theconsisteng with which regionboundaries
within a map were found andthe internal accurag of identi ed re-
gions.Resultssuggesthatthreevariablecolor dotmapsareatleastas

effective asseveral singleblack andwhite dot mapsin portrayingthe
regions.

Urnesset. al. [14] introducedthe conceptof color wearing in the
contet of ow visualization. They presentedh methodfor simulta-
neouslyrepresentingnultiple co-locatedcolorsthroughcoloring the
strokesof LIC textures;thesetextureswerethenusedto illustratethe
relevant o w data. The perceptuakffectivenesf this methodis still
unstudied.

Whenpeopleview colorimagesthey think in termsof perceptual
dimensionssuchas saturationor darkness.Thus, a successfutolor
designcan utilize theseperceptuadimensionsand mapthemto the
logical structuresof the datato allow its organizationto be readily
perceved [1]. In [1] Brewer describesa setof guidelinesfor using
colorfor visualizationin the eld of cartograpl andpresentanef-
cientmethodfor visualizingtwo overlappingvariablesn maps.These
guidelinescanbe appliedto choropleththematicmaps, lled isoline
maps,andqualitative areal-atent maps. Dependingon the natureof
the datashesuggestdour color schemesbinary, qualitatve, sequen-
tial, anddiverging. For exampleCateyorical differencesanbe shavn
by a diverging color schemehatemphasizethe meaningfulmidpoint
in the data. However, this methodcanonly be effectively usedif the
numberof databinsis very small.

Some researchersncluding Byron [2] utilized a triaxial-graph
methodfor thevisual portrayalof soil texturein mapsandgeographic
informationsystemsHe displayedthetrivariatenatureof soil texture
by generatinga color legendin shapeof a triangulargraphknown as
the soil textural triangle. The threesidesof this equilateraltriangle
characterizedhe compositionof the soil in termsof its percentagef
sand silt, or clay. Soil texture wasthusspectrallyencodedy assign-
ing oneof the additive primaries(red, green blue) to eachaxis of the
triangle. The relative intensityof eachcolor variedwith the amounts
of sand gsilt, or clay. Thecolorvaluefor aspeci ¢ locationwasfound
by addingthe amountof thethreeprimaries.

Althoughafew effective methodsxist for color basedrepresenta-
tion of two andthreevariableswith binneddata,in caseof continuous
datathe commonmethodis to blendthe colors. The effectivenessof
blendingthe colorsin conveying the correctinformationis not thor
oughlyinvesticated.

We hypothesizedhat despitethe complicationghatwerelikely to
arisewhenshawing the colorsside by side, this methodhadundeni-
ableadwantageover blendingif the colorswerechosento be percep-
tually asdistantfrom eachotheraspossible.This papercommences
theinvestigationof capabilitiesof informationcarryingability of color
weaving. Thatis doneby askingbasicmapreadingquestiongnvolv-
ing variablesthat have a uniquevalue over a sgmentedtwo dimen-
sionaldomain. This methodwith a minor changehasthe potentialof
beingextendedto continuousdata. The effectivenessf this method
for representingontinuousdatasetss beinginvesticatedby the au-



thors.

In eachof the following threeexperimentspresentedn this paper
participantsvereasled a directacquisitionmapreadingtaskandthe
accuray of the answersundereachcondition was statistically ana-
lyzedandcomparedo eachother Speci cally thesehreeexperiments
weredesignedo give visualizationresearchera quantitatve measure
of theaccurag they canexpectin representingheir datausingcolor
with colorweaving or color blending.

3 EXPERIMENT 1

Experimentl wasdesignedo assesparticipants'baselineability to
accuratelyreadnumericaldataencodedvia the intensity of a single
displayedcolor. Speci cally the focusof this experimentwasto re-
vealary differencesn the ability of the obserersin performingmap
readingtaskswith ary of the chosercolors. The experimentwasalso
usedto provide a comparingbaselinefor the map readingerror for
experimentone. We obsered that essentiallythe differencesamong
the capabilityof eachcolorsin deliveringthe datawerenegligible. In
addition,thedifferencein themapreadingerrorin differentstatesvas
not statisticallysigni cant.

3.1 Choosing the Colors

Fig. 2. Color Ramps for all the experiments

We de ned the basecolors by choosingsix evenly spacedpoints
arounda circle of constansaturatiorin aplaneof constantuminance
in aregionof theL*a*b* colorspacehat t within ourmonitorgamut.
Two circleswerechoserat L=62 andL=97. Figure 1 shavsthemax-
imum, minimum andthe mid point slicesin the portion of the color
spacewe chose. From L=62 to L=97, we createdsix different per
ceptuallylinear single-huedcolor ramps,by continuouslyincreasing
the luminanceand saturationvaluesof eachof the six differentbase
colors. In orderto testthe obsenersability to readthe minimumand
maximumvaluesaccuratelywe extendedour colorramponbothsides
suchthatthe nal color rampsincludeda continuousrangeof colors
betweenthe minimum and maximumvaluesin additionto the right
andleft extensionsvhich consistedf colorswhich didn't existin the
maps. Color rampsare presentedn Figure 2. The maximumvalue
for eachvariablewastied to a color at L=62 andthe minimumvalue
wasmappedo thecorrespondingoloratL=97.

3.2 Method

Apparatus

The stimuli consistedof six mapsof the twelve midwesternUnited
States,in which eachstatewas lled with a differentconstantcolor
from a single color ramp, representinghe value of a particulardata

Fig. 3. Experiment 1, example of a display; State in question: North
Dakota; Variable: the percentages of population below poverty level

attribute for thatstate. The actualdatavalueswereobtainedfrom the
2000censuglata,but the particularassignmenof datavaluesto states
wasrandomizedn experimentsl and2 to preventpeoplefrom using
domainknowledgeaboutthe midwesternUsS. The six datadistribu-
tions were: medianhouseholdncome, percentagef the population
with a high schooldegree percentagef the populationwith acollege
degree percentagef thepopulationliving below thepovertyline, me-
diancostof a singlefamily dwelling, andhomeownershiprate. Each
color rampwastied to onespeci ¢ variablethroughoutexperimentl
andexperiment2. Themapsizewaschosero beequalto themapsize
in experiment2 which wasthe maximumpossiblemapsizeviewable
onthe 19inch monitorsusedfor the study whenshawing thelegends
for all thesix variables Thebackgroundolorwaschoserto beaneu-
tral graywith the L valuehalfway betweerthe largestandsmallestL
valuesin our colorramps(L=79).

Table 1.

\ Display Speci cation |
Distanceto monitor 95.2cmor 37.5in
Monitor resolution 1280x1024
Width andHeightof themaps | 17.8x12.2cmor 7x4.8in
Width andHeightof thescreen| 38x30.2cmor 15x12in

A totalnumberof 216displayswereshovn to eachof theobserers.
For eachvariablea mapreadingquestionwas asled for eachof the
stategresenin the maps.This amountedo 72 (12x6) displays,each
of which wasrepeated timesto ensurethe accuray of the results
(72*3). Thesedisplayswereshovn randomlyto eachof the partici-
pants.

A chin restwasemplo/edto x the distancebetweenthe partic-
ipant's eyes to the monitor at the appropriatelevel. The display's
speci cationscanbeviewedin Table 1.

Procedure
Participantscolor vision ability was assessedising a collection of
Ishiharaplates.

A questionappearean eachdisplayaskingthe obserersto evalu-



atethecolorin aparticularstateby clicking onanddraggingthesmall
slider-ablacktriangle-.

On eachtrial in this experiment, the participantstask was to
identify the value of a particulardataattribute for a particularstate
by: readingthe color from the map, settinga slider to the matching
color on the provided color scale,and then clicking on the stateto
indicatethattheir selectioris nal. Figure 3 shovsascreershotfrom
onetrial. All participantswere provided with a printed outline map
shaving the correspondencef namesto states. All trials on which
the statewasmis-identi ed werediscarded Clicking on the statewas
addedas an extra assurancehat the obserer wasin factlooking at
the correctstatewhen performingthe task. We did not enforceary
breaksduringary of the experimentamentionedn this paper It was
merelysuggestedhatthe participantgake shortbreakdooking awvay
from themonitorif they felt tootired.

Participants

There were a total of 9 participants (three females, six males
aged 18-38) for this experiment. The participantswere graduate,
undegraduatesand academicstaf from University of Minnesota,
Gettyslurg College andNorth CarolinaStateUniversity Participants
were compensated dollars per half an hour for completing the
experimentandthey took on averagean hour anda half to complete
thestudy

3.3 Result

Fig. 4. Scatter plot of actual vs. average user answers in Experiment 1

Participantswereuniformly ableto performthetaskin experiment
1 with fairly goodaccurag. We calculatecthe relative error per dis-
play by dividing the pixel differencebetweerthe actualvalueandse-
lectedvalue of the position of the black triangle over the maximum
possibleerror (the sizeof a color rampin pixel). The averagerelative
error, computecbver all participantsandall colors,was6.02%,with a
standaraerrorof 0.57%. Figure 4 showvs a scattemlot of the average
errorsfor the displays,computecover the nine participants The error
barsshaw the extentsof the 95% con denceintervals,andeachpoint
is color-codedaccordingto the basecolor of the color scaleusedfor
thattrial. A singlenumbergiving the averageof the medianrelative
errorperobserer, wasaddednto the overall chartof resultsfrom ex-
periment2. The ANOVA analysisshoved thatthe differenceamong

Fig. 5. Experiment 1: Average over the median relative error in the map
reading task for nine participants. Each bar corresponds to one of the
participants

differentcolorsandamongdifferentstateswverenegligible. Figure 5
shaws the averageover the medianrelative errorin the mapreading
taskfor eachof the nine participants.

4 EXPERIMENT 2

Thegoalof this experimentwasto quantifythedifferencesamongthe
threeconditionsfor visualizing multivariatedatawhen variablesare
overlappingin a region: blendingthe colorsrepresentinggachover
lappingvariable,representinghe overlappingvariablesby letting the
colorscoexist in thatareawith a smalltexton high frequeny pattern
andagainwith alargertexton highfrequeng pattern.

4.1 Method

Apparatus

Thestimuliin experiment2 consistef a seriesof mapsof thetwelve
midwesterrnJnited Statesn whichthevaluesof eithertwo, three four
or six differentdatadistributionsweresimultaneouslyepresentedia
either color-blending,in which the separatecolor layerswere made
semi-transparerandthenoverlaid to form a single compositerepre-
sentation,or colorweaving, in which the separatecolor layerswere
individually samplecatindependenpixelsde ned by arandomnoise
functionandthenstitchedtogetherto form a nely patchworked,uni-
ed representationln caseof theblendedmagesthe nal colorwas
equivalentto averagingthe L*a*b* valuesof the individual overlap-
ping colors. We testednoisepatternsof two differentspatialfrequen-
cies: small noise,in which eachpixel subtende® minutesof visual
angle,andlargenoise,in which eachpixel subtended minutesof vi-
sualangle,and participantsviewed all imagesfrom a x ed distance
enforcedby a chinrest. Screershotsof the samplestimuli areshavn
in Figure 6.

Thisexperimentincludedatotal numberof 153displays.Themaps
werethe samesizeasin experimentl. However thistime, 2 or more
variableswere overlappingacrossall the states.All 2 ways (15 dis-
plays),3ways(20displays) 4 ways(15displays)and6 way(1display)
combinationof the 6 variablesvereconsidered51 trials). Threecon-
ditions for combiningthe colors were investigated. Underthe rst
condition, the 51 displayswere madeby blendingthe overlapping



Fig. 6. Experiment 2 stimuli, 6 variables. From top to bottom: Blending
6 colors, 2-pixel size noise, visual angle 3 minutes; 4-pixel size noise,
visual angle 6 minutes.

variablesin eachstate. The secondconditionincluded51 displays
in which colorscoexistedin anareaby following a 2 pixel sizenoise
patternand nally for thethird conditionthe colorscoexistedby cov-

eringdifferentlevelsof a4 pixel sizenoisepattern.The patternavere
madeby lling theareaof themapby anoisepatternof theappropriate
sizeandposterizinghe patterninto 2, 3, 4 and6 differentlevelswhile
equalizingthe imagehistogramto get approximatelythe samenum-
berof pixelsfor eachof the graylevel values.This procedureensured
thattherewereapproximatelythe equalnumberof pixelsbelongingto
eachof the coexisting colors(\ariables)n the states.

In orderto removetheeffectof ary learning for eachof case®f the
2 variables3 variables4 variablesand6 variablesve chosearandom
swappingof thevaluesbelongingto eachstatewhile atthe sametime
ensuringthat for eachof the overlappingconditions,the samemaps
were usedin makingthe blend, small size noiseand big size noise
versions.

In order to presenta set of cognitively organizedtasksto the
obserers,eachobserer wasshavn a randomorderof the following
sets: all the blendedimages,all the small noiseimagesand all the
large sizenoiseimages.Within eachof the blended small noiseand
big noisegroups they randomlysaw all the 2 variables 3 variables 4
and6 variablesrespectiely.

Procedure

Due to the large numberof displayswe were not able to test all

the statesnor were we able to include repeatedmeasures. The
instructionguidedthe participantsto only look at the stateof lowa
andmale their color evaluationsby adjustingup to six sliderseachof

which correspondingo oneof theoverlappingor coexisting variables.

Participants
Eighteenpeople (four femalesfourteenmales,aged21-38) partici-
patedin this experiment.Six of the participantsverefrom university
of Minnesota,six were recruitedfrom Gettyshurg College and six
from NCSU.

4.2 Data Analysis and General Results

As shavn in Figure 7 theresultsfrom experiment2 indicatethatthe
error rateswere signi cantly lower whenthe original color informa-
tion wasavailablevia the high frequeng texturethanwhenthecolors
were blended. In the caseof the blendedrepresentationerror rates
steadilyroseasthe numberof componentsncreaseda trendthatwe
found statisticallysigni cant in an ANOVA analysis). We obsenred
weakevidenceof asimilareffectin thecaseof thewoventextures,but
it wasnot statisticallysigni cant.

An ANOVA analysiswith astandard®5%con denceinterval com-
paredtwo conditions:the type of color mixing (blending,smallnoise
textures,large noisetextures)andthe numberof variablesin the map
(2,3, 4,0r6). Medianaccurag for thetargetcolorswasusedasa per
formancemetric(seeSection3.3describingexperimentl'sresultsfor
afull explanationof how coloraccuray wascalculated) The ANOVA
analysisshaved that both the type of color mixing and the number
of variableshad a signi cant main effect (mixing type: F = 16:68
and p = 0:0035; numberof variables: F = 5251 and p < 0:001).
Within mixing types, Tukey's HSD analysisfound that at the 95%
level, blendingwassigni cantly differentfrom, andworsethan,weav-
ing.

Whenlooking at blendedcolors, the parwisecomparisorshaved
that3 or 4 variablesweresigni cantly lessaccuratehan?2 variables,
and6 variableswassigni cantly lessaccuratethan 3 or 4 variables.
For boththe smallandthelarge noisetextures,6 variableswvassignif-
icantly lessaccurateghan2, 3, or 4 variables.

Howevertheperformancevith 2,3and4 werenotsigni cantly dif-
ferentfor eitherof the noisesizes. Subdviding resultsby numberof
variableq2, 3, 4, and6), blendingwassigni cantly lessaccuratehan
noisetexturesin all four casesyhile therewereno signi cant differ-
encesn accurag betweerthe smallandlarge noisetexturesin ary of
thefour cases.

Interestingly despitethe corviction of the participantshatthe col-
orscouldnotbedifferentiatedrom eachotherin the caseof blending
morethan 2 variables,all the participantswere still ableto perform



thetaskwith anaccurag rateof 70% or better It is possiblefor dif-
ferentsetsof colorsto producethe samerenderedesultin caseof the
blendedimages. This may be an importantsourceof the error that
blendedcolors produce. Furtherexperimentsare neededo measure
how muchof the erroris dueto the ambiguity describedabore, and
how muchis dueto the factthatblendedcolorsarenot ascapableas
weaved colorsin corveying theindividual color values.

It is well known thatdifferentsurroundingsanchangethe appear
anceof acolor. A perceptuaprocesscalledassimilationcausesmall
color areago appeamoresimilar to their surroundings.The process
of simultaneousontrastenhanceshe differencesamongcolors be-
tweena larger patchof color andits surroundingcolor. Thesepercep-
tualinteractionbetweercolorscanchangeheperceptiorof individual
colorsby shifting the hueandthusmakingthe mapreadingtaskdif -
cult. Unfortunatelythereis no effective methodto addresshesdssues
andthedesignersareadvisedo notethe presencef theseproblems.

Fig. 7. Experiment 2, Average of Median Relative Error

5 EXPERIMENT 3

The color valuesusedin Experiment2 werede ned accordingto real
censuslatavalues.This meanghatthe distribution of measurements,
althoughhighly representate of whatwould beencountereéh atyp-
ical visualization wasnot necessarilyiniformin its distributions,and
thereforemay not be sufcient to answeraccuratelyquestionsve en-
counteredboutviewers' ability (or inability) to accurateldecompose
acompositecolorinto its constituentomponents.

To addresghis, we conducteda nal experimentdesignedo ex-
plorethe effectsof two conditions hueseparatiorandluminancedif-
ference,on the error ratesin viewers' judgmentsof the valuesof in-
dividual componentsn a 2-variabledisplay Speci cally, we studied
two questions:1) will errorratesbe larger, smaller or the samefor
readingcolor combinationsvherethe huesare separatedby 60, 120,
or 180-dgreesin L*a*b* space?and 2) will error ratesbe larger,
smaller or the samefor readingcolor combinationsvherethe lumi-
nancevaluesof theindividual componentss nearlyequalmoderately
close,or morewidely separated?

5.1 Method

Apparatus
A total of 180 displayswere constructedy combining(via noiseor
blending)all possiblecombinationf two colorschoserfrom the six

colorsusedin the previous experiments.Eachof these g = 15hue
combinationswere then matchedwith threelightnesspairs: 1) one

color at L=72 andthe otherat L=76 (nearly equal); 2) one color at
L=68 andthe otherat L=80 (moderatelyclose);and 3) onecolor at
L=64 andthe otherat L=84 (more widely separated).This resulted
in 45 displaysrepresentinghe 45 different colorluminancepairs.
Displayingthe colorsusingeitherblendingor noisetexturesproduced
a total of 90 displays. Finally, we mirrored the L-valuesin each
color-luminancepair (e.g. L=68 for the rst color andL=80 for the
secondyersusL=80 for the rst colorandL=68 for thesecond)This
representshe nal setof 180 differentdisplayspresentediuring the
experiment.Threeexamplesof thedisplayscanbe seenn Figure 8.

Fig. 8. Bivariate representations where (from top to bottom) two hues
are 60 degrees apart, 120 degrees apart and 180 degrees apart in the
L*a*b* color space. The lightness gap was 12.



Procedure
The taskin Experiment3 wasidenticalto the taskin Experiment2.
Participantswere asled to readthe variablespresentin the mapin
the stateof lowa. In orderto remove ary possiblein uence from the
surroundingcolors,all otherstateswverecoloredwhite.

Participants

Four graduatestudents(two males,two females,aged30-34), who
had passedhe Ishiharatest participatedin the experiment. It took
the participantsapproximatelyan hour and a half to two hoursto
completethe study

5.2 Data Analysis and General Results

Fig. 9. The average of the median relative error for Experiment 3, the
X-axis divides results by the three hue difference angles 60, 120, and
180, the Y-axis show the median relative error averaged over partic-
ipants, and the three shaded bars in each group show the results for
each luminance difference DL = 4, 12, and 20.

Table 2. ANOVA Results Experiment 3, looking at the subsets of the
data

[ Type [ pvalue | Fvalue |
Blend: Huedifference 0.1351 3.441
Blend: Luminancedifference| < 0:001 20.54
Noise:Huedifference 0.9976 | 0.002359
Noise: Luminancedifference | < 0:001 10.01

The 720 trials for the 4 participantswere collapsedand averaged
over trials with the samemixturetype, huedifferenceandluminance
difference.

A 3-way ANOVA overthe conditionsmixturetype, huedifference,
andluminancedifferencewith astandar®5%con denceinterval was
then performed. We found signi cant main effects of both mixture

type (F = 26:12, p = 0:036) and luminancedifference(F = 30:22,
p < 0:001). Luminancedifferenceis referredto asDL in Figure 9.
Errorswerehigherwhencolorswerecombinedby blendingthanwhen
they wereinterwoven. Tukey's HSD analysisfound that at the 95%
level theperformancavassigni cantly betterwhentheluminanceval-
uesof thecomponentolorswerecloserto eachothet whichis counter
intuitive. Looking separatelat individual subset®f the data,divided
by mixture type and hue difference,we found a signi cant main ef-
fect of luminancedifferencein all casesxceptwherethe hueswere
directly complementary Looking separatelyat the resultsinvolving
Blendedcolorsandthoseinvolving theinterwoventexture,we did not
nd huedifferenceto have a signi cant effect on error ratesin ary
subsebf thedata(Table2).

6 DiscussIiON

Theresultsof ourthreeexperimentsndicatethatcolorweavingis con-
sistentlymore effective thancolor blendingfor corveying the values
of individual datadistributionsin a multivariatevisualization. Error
ratesremainlow for woven combinationsof 2, 3 and4 differentcol-

orsandonly begin to riseto a statisticallysigni cant extentwhenthe
numberof componentolorsincreaseso six. Theadwantageof wear-

ing over blendingpersistsvenwhentheareasubtendedby eachpatch
of continuouscoloris very small.

Althoughthe problemof inferring the valuesof thecomponentol-
orsin a blendedmixtureis inherentlyill-posed,obsenersareableto
performthistaskfairly accuratelywithin amoderatelyconstrainedio-
main,whenpresentedvith pairsof componentolorsthathave nearly
equalluminancevalues,althougherrorsrise asthe luminancevalues
of thecomponentolorsbegin to differ.

We found no signi cant advantages,in either color blending or
color weaving, to using color scalesbasedon componenthuesthat
aremorewidely separateéh L*a*b* colorspace Onthecontrary we
foundsomeindicationgthatextradif culties mayarisewhenopponent
huesareemployed. The relative independencef the errorfrom hue
separatioris probablyrootedin the designof the color ramps. Ob-
senersonly needto make areasonablestimateof thelightnessvalue
for eachvariablein questionandhueis only usedfor distinguishing
thevariablesfrom eachother Additionally, obsenersknow thateach
variablein questionhasan individual 2D spacein the commondo-
main. It is possiblethat thesetwo factsare sufcient for makinga
reasonableariableestimationregardlessof how closeor farthe hues
in questionsarefrom eachother

7 CONCLUSION AND FUTURE WORK

The ultimate goal of this researclwasto make a contritution to the

eld of multivariate visualizationby presentinga designfor which
the relatedperceptualssuesarerelatively well understood.In order
to fully understandhe advantage®r disadantage®f this designwe
planto applythis or similar representationt® othermethodsof color
basednultivariatevisualization.

Thesucces®f ourdesignlike mary othergraphicaldisplaysrelies
on the ability of peoplein perceving colors. Consideringthat 8% to
12% of malepopulationand 1% of femaleshave someform of color
de ciency, thesedesigngpotentiallymiscommunicatéhe information
to alarge percentagef population.The magnitudeof the debilitating
effect of the errorscausedby this condition on the accurag of the
variableestimatiormustbeinvesticated.

An importantvenuefor ourongoingstudyis applyingsimilar meth-
odsto continuouglatasetandexaminingtheability of theobsenersin
recognizingpatternsandexploringrelationshipgmongdifferentvisu-
alizedvariables.Userstudiesigorouslyinvesticatingtheeffectiveness
of thesedatarepresentationis deliveringrecallandrecognition-based
mapreadingtaskshave to beconducted Anothervenueof our current
studyis applying the sameidea of weaving color to otherforms of
textures.
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