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ABSTRACT

We presentinexperimentaktudythatevaluatesour differenttech-
niquesfor visudizing the machineinterpretationof handwritten
mathematics. Typesetin Placeputsa printed form of the recog-
nized expressionin the samelocation as the handwriten mathe-
matics. AdjustedInk replacesvhatwaswritten with scaled-to- t,
cleanedup handwrittencharacteraising an ink font. The Large
Offsettechniquescalesarecognizerintedform to bejustaswide
asthehandwritteninput, andplacest below thehandwrittermath-
ematicalexpression.The SmallOffsettechniques similarto Large
Offsetbut the printedform is setto bea x edsizewhichis gener
ally smallcomparedo thewritten expression.

Our experimentexploreshow effective eachtechniqueis with
assistingusersin identifying and correctingrecognitionmistales
with different types and quantitiesof mathematicalkexpressions.
Our evaluationis basedon taskcompletiontime anda comprehen-
sive post-questionnairasedto solicit reactionson eachtechnique.
Theresultsof our studyindicatethat, althougheachtechniquehas
adwantagesanddisadwantagesiependingon the conplexity of the
handwrittermathematicssubjectdooksigni cantly longerto com-
pletethe recognitiontaskwith Typesetin Placeandgenerallypre-
ferredAdjustedink or Small Offset.

Keywords: pen-basediserinterfaces,mathematicakxpression
recognitionresults,usability evaluation typesetadjustednk

Index Terms: H.5.2 [Information Interfacesand Preentation]:
UserInterfaces—Interactiostyles,Evaluation/Methodology;

1 INTRODUCTION

Computerrecognitionof handwrittenmathematicss an old [1]
andimportant[7] eld, and mary adwanceshave beenmadein
the decade®f researcton it. However, we positthat, sincesome
handwrittenmathis ambiguouseven to anotherhuman,even the
bestachiesablerecognitiontechniquesvill attimesmisinterprethe
writer's intent. Thus, identifying andcorrectingrecognitionerrors
canbe viewed asa fundamentaproblem. Nonethelesscompared
to the corealgorithmicproblemof recognizinghandwrittenmath-
ematics,very little attentionhasfocusedon Ul techniquesvhich
allow usersto copewith recognitionerrors. In particular we have
identi ed two Ul taskswhich merit investigation: visualization
techniquedor depictingthe machineinterpretationof handwritten
mathematicaindthusidentifyingrecognitiorerrors,andinteraction
techniquedor correctingthe machineinterpretation.

This paperfocuseson evaluatingtechniquedor theinitial taskof

visualizingthe machineinterpretatiorof handwrittermathematics.

The previously developedtechniquesve chose[14] wereintended
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to cover the spaceof designpossibilitiesand commonusagesce-

narios. Our rst priority was to presentypesetfeedbackbecause
of its familiarity andexpressveness.In pilot studieswe explored

variousoptionsfor this feedbackandconcludedhatthreeof those
optionscouldrepresenthis space We alsoincludeda fourth option

thataddressed speci c limitation of typeseffeedbackwhengiven

in placeof theusersink. Noneof the othertechniquesve consid-

eredseemedo warranttheeffort requiredto expandthis evaluation,

althoughnotall thosetechniquesverefully implemented.

For this evaluation,we developeda setof tasksintendedto be
representatie of a setof commonusagescenariosfor example,
transcriptionvs. problemsolving or large openwriting spaces/s.
smalldialogs.Theobjective wasto addresgjuantitatvely theques-
tion of whethertherewere signi cant relative bene ts to the dif-
ferenttechniquesn individual scenariosandwhethertherewasa
generallyacceptableonsensugechnique.The experimentalstudy
evaluatedeachtechniquen terms of speedreadability useof white
spacedistraction,andoverall preference .To determinevhenone
techniquemight be more appropriatethan anothey subjectseval-
uatedeachoneunderfour conditionsrepresenting diérentmath-
ematicalexpressiontypesof varying complity. To the bestof
our knawledge, this is the rst studyto systematicallyexplore the
usability involved with differentapproachesor presentingnathe-
maticalexpressiorrecognitionresultsto the user

In the next section,we discusswork relatedto evaluatingrecog-
nition feedbacktechniques. We then presenta discussionof the
techniquesto provide context for our usability study Next, we
presentthe detailsof our experimentand discussthe results. Fi-
nally, we presentonclusions.

2 RELATED WORK

Althoughtherehasbeenasigni cant amountof work on mathemat-
ical expressiorrecognitionovertheyears[2] therehasbeenlittle on
how to effectively presentrecognitionresultsto the user Zanibbi,
etal. [13] experimentallyevaluateda versionof offsettypeseteed-
backanda dynamicmorphof theusersink to t acleaned-uper
sion of the input charactershoundingboxes, basedon the recog-
nition andparseresults.Our evaluationfocuseson real-timefeed-
backwheretheirsusedsolely batchfeedbackandwe alsocompare
someavhatdifferenttechniqgueswe don't have ananimatednorph-
ing technique put the techniquethat cleansup the users ink does
soto a x edsetof ink charactergan“ink font”), thusadditionally
providing feedbackon the characterecognition.

LaViola [6] evaluatedan entire math sketching system,includ-
ing arecognitionfeedbackechniquethatchangedhe users input
to cleaned-upandwrittenink the sameway our adjustedechnique
does. However, the contritution of the recognitionfeedbackech-
niguewasnotisolated,nor wereary alternatvescomparedin ad-
dition, our adjustedechniqueadditionallyshowns parserecognition
resultsby coloringthe characters.

Smithies, et al. [10] presenteda math recognitionsystemthat
provided an interactize display of symbolrecognitionby shading
the boundingbox of eachgroup of strokes correspondingo one
symbolandthenlocatinga typesetdisplayof the recognizedsym-



bol in the uppetleft cornerof the boundingbox. Thus,this tech-
niqueis loosey relatedto our small offset technique;however, it
was not a completeinteractve recognitiondisplay sinceit could
not depictthe parsestructure. Instead,the userwould invoke the
equationparserexplicitly andseetheresultin aseparatsvindow.

CueTIP[8] presentsa mixed-initiative interfacefor correcting
linear handwrittentext in which the systemcontinuesto assistthe
userevenascorrectionsaremade.Theprimaryfocusof thisworkis
onthe correctioninterfaceandnot on the visualizationmechanism
for identifyingarecognitiorerror. Thevisualizationtechniquaused
is similar to our small offset typesetdisplay technique,but they
offer no analysisof it.

Wais, et al. [12] evaluatedrecogntion feedbackin the context
of sketchrecognition. Therefeedbackconsistef displayng rec-
oghizedsymbolsin different colors and drawing text labelsnext
to recognizedsymbols. Although thesetechniquesare similar to
someof the approachesve aretesting,this work wasfocusedon
recognitionfeedbackor circuit diagramsnsteadof mathematics.

Igarashi.etal. [5] andGoldbeg andGoodmar3] presentech-
niquesfor visualizingrecognitionerrorsasalternatesn situ of the
original drawing context. Thus,in somesensehey areequialent
to our adjustednk technique put they additionallydisplayrecog-
nition alternates.However, the two problemswith applyingthese
approacheto handwrittermathemadts arethatthey forceerrorsto
be seenandcorrectedasthey occur andthey cannotbe easily ex-
tendedo clearlydepictbothsymbolandparsingalternatesn situ.

3 VISUALIZATION TECHNIQUES

When designingour recognitionvisualizationtechniqueswe es-
tablishedseveralguidingdesigncriteria. First, we wantedthe visu-
alizationtechniquego requireminimal extra spaceon the display
outsideof the handwrittermath. Secondwe wantedto expressun-
ambiguouslythecompletemachinenterpretatiorof therecognized
mathematicsThird, we wantedto presentherecognitioninterpre-
tationto the userasthey werewriting sothey couldidentify errors
asearly aspossible.Fourth, we did notwantto disruptor distract
the userfrom their mathematicatask. Last, we wantedit to be
easyfor usergto locaterecognitionerrorsattheir cornveniencei.e.,
rangingfrom instantlyto evenminuteslater).

We sunweyed a numberof techniqueswith overlappingbene ts
and,in pilot testing,narravedthis setto four techniquesvhichwe
believe have distinctbene ts. We brie y presenthesefour alterna-
tive recognitionvisualizationsalongwith theirhypothesizedrade-
offs (Figure 1). Thetechniquednclude: Typesetin Place which
replaceshandwrittenink strokeswith typesetmathematicon the

y; Adjustednk, which replacesandwrittenink strokeswith char

actersfrom a dari ed andcolorizedink font; Large Offset which

displaystypesetrecognitionresultsbelov and scaledto the same
width asthe handwrittenink; andSmallOffset which alsodisplays
typesetresultsbelowv the handwrittenink but at a constant,rela-
tively small font size. More detailson thesetechniquesandtheir
developmentcanbefoundin [14].

3.1 Typeset in Place

The Typesetin Placetechniqueprovidesa clear unambiguouslis-
play of the full semanticsof the machines interpretationof the
handwrittenmathematicsand typically usesno more (often less)
spacehantheusers own handwriting. Thistechniquereplaceghe
users ink with appropriatelytypesetmath, at the sameapproxi-
matesizeastheink, duringsufciently long pauseg.5 secs)in the
writer's input (seeFigure1(a)). To avoid having to adjustprevious
typesetcharactersthe typesetfont sizeis best- t only to the ini-
tial handwrittencharacter This meansthat subsequentharacters
will not matchexactly or sometimesvencloselyto their handwrit-
tencounterpartsSincesubsequerink is interpretecrelative to the
displayedtypesetnotation,the shift in charactetocationandsize
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Figure 1: The four techniques for visualizing recognition and parse
results: Typeset in Place (a), Adjusted Ink (b), Large Offset (c), and
Small Offset (d). For those reading this in black and white, in the last
three sub- gures all the ink is black, except that the a is blue, the b
and the 2 in x2 are red, the is green, and the 2 below it is orange.

cancauseparserecognitionerrorsfor userswho fail to adapttheir
writing to the emeping typesetnotation.In addition,sincethecost
of letting anerrorgo is so high in termsof cascadingrrorsto fu-
tureinput, usersareessentiallyforcedwith thistechniqueto resohe
mistales ashey occur

3.2 Coloring

To avoid symbol adjustmentcomplexities of the typesetreplace-
menttechnique symbolcoloring canbe usedto indicategeometri-
cal parserelationships This colorizeddisplayis initially lessclear
thantypesetnotationsinceit requiresusersto understanda novel
mappingbetweencolorsandmathematicakemanticsIn addition,
colorizationalonedoesnotindicatewhich symbolshave beenrec-
ognized,soit mustbe pairedwith someothertechniqueto present
a completesemanticdescriptionof the mathematics We have ex-
ploreda setof differentmappingshetweercolorandmathematical
semanticshut only presentthe one approachwe believe is most
general:we color eachcharacteiaccordingto the typesetbaseline
towhichthatcharactebelongs.Theideais thattheuserdetermines
theparsestructureby consideringherelative colorsof neighboring
charactersgharactershathave thesamecoloraresiblings(i.e. 2x),
andcharactershat have differentcolorsmusthave differentbase-
lines (i.e., 2*). Sincerelatively few symbolcolorscanbe readily
distinguishedfor smalltext, especiallyon the typical poor Tablet
PC screensyve usea paletteof ve colors(orange green,brown,
red,andblue)andonly colorthe ve mostrecentlymodied base-
lines,leaving therestblack.

3.3 Adjusted Ink

The Adjusted Ink techniguepairs the Coloring techniquewith a
symbolsubstitutiontechniquethat replaceshe users handwritten
symbolswith correspondingnk symbolsdravn from apre-de ned,



handwritten,but highly legible font (Figure 1(b))! Sincethere-

placedink occupiesexactly the sameboundingbox asthe original

ink, this techniquerequiresno morespacethanthe users original

handwriting. Comparedo the initial Typesetin Placetechnique,
this techniqueis lessdisruptive, just as economicalon space but

unfortunatelycannotalwaysdisplaymathematicasemanticsinam-
biguously

3.4 Large Offset

TheLarge Offsettechniquedisplaysrecognitionresultsin atypeset
form thatis belov anduniformly scaledto the width of the hand-
writtenink. Thistechniquealsoprovidesaredundantbut in-place,
display of the structuralparseby usingthe Coloring techniqueon
theusers own handwrittenink (Figure1(c)). Sincetheusersink is
not geometricallyadjustedthe typesetnotationandthe ink colors
areupdatednstantly after eachstroke is dravn without causinga
necessarylisruptionin the users input. Sincethe typesetnotation
is t to the width of the handwrittenink, this techniqueroughly
doublesthe display spacerequirenentsover just the users hand-
writing. However, by matchingthe size of the typesetto the ink,
handwrittencharactergend to line up closely with their typeset
counterpartsfacilitating reasoningaboutrecognitionerrors. The
relationshipbetweenink and typesetcan be further explored by
howveringthepenoveratypesetharacteto seearedoutlinearound
its correspondingnk stroke(s). We choseto puttypesetresultsbe-
low ratherthanabove the users ink becauseur experimentation
shavedthatputtingit above tendedo overlapwith already-written
expressionsmakingit dif cult to referto previousexpressionsn a
derivationwithout requiringextra vertical spacing.

3.5 Small Offset

Small Offsetbehaesthe sameasLarge Offset exceptthatinstead
of matching thetypesetisplayto thewidth of the handwrittenink,
a x ed,relatively small,font sizeis used(Figure1(d)). Small Off-
setis thus quite similar to approachesaken by other math [13]
and plain text (e.g., Microsoft's Tablet PC text input panel) sys-
temswhich draw unscaledypesenotationsneartheinputink—the
principaldifferencebeingthat Small Offsetis pairedwith our Col-
oring technique. Small Offset requiresrelatively little additional
display space but canbe somevhat hardto readfor complex ex-
pression@ndestablisheso structuredvisualrelationshipbetween
correspondingnk andtypesetcharacters.

4 TECHNIQUE CONJECTURES

To understandhow thesetechniquesffect a users ability to detect
and subsequentlgorrectmathematicabxpressionrecognitioner

rors,we rst conducteca small pilot study In the pilot, we asled
threesubjectgo try out the differenttechniquesvhenwriting sev-

eral polynomial expressions. From this pilot and from our tech-
niguedesignwe cameup with anumberof conjecturesibouteach
one.

Typesetin Place The Typesetin Placetechniqueis expected
to bedesirablebecausét providesa highly readableandcomplete
displayof themachinenterpretatiorthatis effortlesdy uni ed with
thehandwritterinputandthusdisplayeddirectly in theusers eld-
of-view. We believe theseadvantagesvould standoutin situations
whererecognitionaccurag canbeexpectedo be high, suchasfor
simple expressionswith at mostone super or sub-script,andin
situationswheredisplayspaceis at a premiumsuchaswhenwrit-
ing densely-packd expressions.However, in practice,achiezing
truly high recognitionaccurag in generalis so dif cult thatwe

1We consideredisingan actualtypesetfont, but foundthatit produced
anugly “ransomnote”look that,interestinglydoesnotseento begenerated
by the handwrittenfont. We alsoconsideredetting userscreatetheir own
handwritingfont, but basedon pilot testsfound that unnecess# for this
evaluation.

hypothesizethat this techniquewill be the leastdesirablesinceit
exacerbatesecognitionerrorsasit adjustssymbollocations.

Adjustedink. We expectthat, comparedto Typesetin Place,
AdjustedInk will notbe consideredisruptive. However, we also
suspecthatuserswill belesssensitve to detectingcertainerrors,
bothbecaus®f the theColoringtechniques fundamentainability
to expressthe completerecognitionsemanticsandbecauseColor-
ing de-emphasizesertainerrors,suchaswhenthingsthatare sup-
posedio beon differentbaselinesrerecognizedo be onthesame
baselingji.e.,it's easyto overlooktwo thingshaving the samecolor
whenthey shouldhave differentcolors). Nonethelesshecausef
its economicaliseof spaceandnon-disruptve display we hypothe-
sizethatAdjustedink will bethefastesto use theleastdistracting,
and oneof themostpreferredoverall.

Large Offset. The Large Offsettechniquewasdesignedo pro-
vide aclearlyreadabldaisplay atthe expenseof usingextradisplay
space.Thus,we expectthatuserswill nd it mosteffective for sin-
gle complex expressionsandleasteffective whenwriting multiple
expressionsWe alsosuspecthatpeoplemay nd thelarge sizeof
thetypesetdisplayto be distracting. Thuswith this techniquewe
hypothesizehatthe userexperiencewill bethe mostvariedacross
differenttypesof input, with thetechniquearingquitewell for iso-
latedcomplex expressionsandperhapsuite pooly whenusedto
write multiple expressions.

SmallOffset. We believe that Small Offsetbalancedrade-ofs in
spacelegibility, expressienesanddisruptivenessvell, suchthatit
will have theleastvariancebetweerits worstandbestcasescenar
ios. In particular we suspecthatit will performworstfor long or
comple expressionsvhich may be hardto readandassociatavith
handwrittenink, andthatit will performbestwhenwriting multi-
ple expressionsOverall, we hypothesizehatthistechniquewill be
ratedhighly, on parwith Adjustedink, andperhapetterbecause
of its ability to completelyexpressthe machineinterpretation.

5 USABILITY EVALUATION

To exploretheeffective of our recognitionvisualizationtechniques
andthe conjecturs describedn the last section,we conducteda
formal userevaluationto quantify userpreferencescrosshe dif-
ferenttechniqguesndmathematicaéxpressiorcompleities.

5.1 Subjects and Apparatus

Twenty-foursubjects(15 male,9 female)wererecruitedfrom the
undegraduatepopulationat the University of CentralFloridawith
agesrangingfrom 18-28. Of the 24 subjects,11 had usedsome
form of apen-basedhterface(e.g.,Palm Pilot, TabletPC),but their
interactionswith themwereminimal. We chosesubjecs who had
taken mathematicglasseswith a minimum understandingf Cal-
culussincewe wantedour subject populationto exemplify students
that could have usedour softwarein their work. We alsowanted
to ensurethatsubjectsunderstoodll of the mathematial symbols
usedin the experiment.The experimenttook eachsubjectapproxi-
mately60 minutesto complketeandall subjectsverepaid10dollars
for theirtime.

Theexperimentaketup(seeFigure2) consistedf aHP TC4400
TabletPCwith 1.83GHz dualcoreprocessoand2 GB of memory
TheTabletPCwasattachedo anLCD monitorsotheexperimenter
could seewhatsubjectaverewriting on the screerwithout having
to look over a subjects shoulder A video camerawas alsoused
so we could analyzeeachexperimentalsessionafter it was com-
pleted. The software usedin the experimentwasour custombuilt
mathematicaéxpressiorrecognitionengine[14].

5.2 Experimental Task

The task subjectshad to performin the experimentwasto enter
mathematicaéxpressionsisingthe TabletPC,and,givenarecog-
nition visualizationtechnique, determinewhetherthe recognizer



Figure 2: A subject participating in our experiment. He works on a
Tablet PC while the experiment moderator watches an LCD screen.
The screen is also recorded with a video camera for later analysis.
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Figure 3: A screen shot of the interface used in our experiment.

correctlyinterpretedtheir expression.If anexpressionrhaderrors,
subjectswould correctary mistalesuntil recogniton wascorrect.
For eachtrial, subjectavould pressthe“Start” buttonto begin writ-
ing (startinga timer) andpressthe “Finished” button (stoppingthe
timer) whenrecognitionwascorrect(Figure3).

Subjectswrote four differenttypesof mathematicaéxpressions
(simple, multiple, compact,long) during the courseof the exper
iment. Expressiontypesvariedin compleity sowe could better
determinehow eachrecognitionvisualizationtechniqueaffecteda
subjects ability to seeandcorrectrecognitionerrors.

Theexpression

x* ayt=7

is an exampleof a simple expression. Thesetypesof expressions
were simple polynomialsdesignedto be fairly easyto recognize
andnottake uptoo muchspace They arecharacteristiof whatan
algebrastudentmight beworking with.

For multiple expressionsuserswrote a seriesof four equations
with four unknawvn variables suchas

5+ 3y 2z+w = 0
3 by+z 4w = 5
X y+3z 2w = 6
X 2y+7z 2w = 2

Theseexpressionswere designedso subjectshad to write a se-
guenceof expressionsrertically (asif working with simultaneous

equations)to speci cally judgethe effectiveneswf the “in place”
techniquesersusthe“offset” techniqueg.
For compactexpresions,userswrote mathematicghat utilized
morecomplicatedstructuresuchas
A
® xlsinx
. dtan(x®) + ¢

where supersripts are featural so therewould be more symbols
closertogether Division linesarealsousedin theseexpressiongo
makethemmorecompact.Theseexpressionsveredesignedo help
testuserfrustrationanddistractiondueto abruptchangesn con-
verting the mathematicabymbolsinto either Typesetor Adjusted
Ink in place.

Finally, longexpressionsveredesignedo testuserdistractionas
they wrote acrosghe screerand hado utilize the horizontalscroll
barto make roomfor theentireexpression.The expression

xS+ ax* Tx3+Bx% 6x+ 1
9xY xP+ 2xd 2x¥+x 4

is anexampleof along expression.
Subjectshadthreedifferentmethodsfor correctingrecognition
errors. First, they could erasepartsof the handwrittenexpression
usingascribblegestureandrewrite the appropriatesymbolsuntil a
correctrecognitionwas made. Second for incorrectlyrecognized
symbols,subjectscould go to the alternatelist to nd the correct
recognition.Third, subjectscouldcircle asymbolor groupof sym-
bolsandmove themon the screerto correctparsingerrors.

5.3 Experimental Design and Procedure

We useda4 x 4within-subjectdactorialdesignwheretheindepen-
dentvariableswerevisualizationtype andmathematicagxpression
type. Visualizationtype varied betweenTypesetin Place(“Type-
set”), AdjustedInk in place(“Adjusted”), Large Offset (“Large”),
and Small Offset (“Small”). Mathematicalexpressiontype varied
betweersimpleexpressionsmultiple expressionscompacexpres-
sions,andlong expressions.

Thedependenvtariablewastaskcompletiontime, de ned asthe
time it took for subjectsto pressthe “Start' button, write down a
mathematicakxpression have the systemrecognizeit, make ary
correctionsto the expression(if needed)and pressthe “Finished'
button whenthe expressiorwas correctly recognized.Iln addition
to taskcompletiontime, we alsomeasurediserpreferencesising
a post-questionnairevhich asked a seriesof questionsabouteach
recognitionvisualizationtechniqug(seethe next sectionon Usabil-
ity Metricsfor details).

After an initial analysisof the task completiontimes for each
condition, we discoveredthat the time spenton correctingerrors
couldbeasigni c antconfoundin theoveralltaskcompletontime.
Thus,we collectedmoredataontaskcompletiontime by examining
thevideorecordingfrom eachsubject.We recorded¢he amountof
time eachsubjectspentcorrectingboth symboland parsingerrors
for eachconditionin theexperiment.In addition,we alsocollected
how mary symboland parsingerrorssubjectscorrectedand how
mary timesthey usedthe scribbleerasegesture the alternatelist,
or the circle gesturein doing so. Note that we found one of the
videosessionsvascorruptedandsowe could only gatherthis data
from 23 subjects.

It is importantto note that we did not attemptto control for
recognitionaccurag in our experimentadesignotherthanthrough
pilot testinga stratgyic choiceof expressiongi.e., expressionghat
werenot “reasonably’recognizablevereavoided)thatwerelikely
to producea representatie setof errorsacrossusers.We werenot

2Recallthat the offset techniquesplacethe recognition resultdirectly
belov the handwrittenmathematics.



ableto deviseanexperimentaprocedurehatrigorouslycontrolled
for recogniion accurag in a valid way, sincearbitrarily inducing
errorswould likely have resultedn introducing“unreasonable&r
rorsthatwerenotre ective of how realrecognizersvork.

The experimentsbegan with a pre-questionnaireasking each
subjecttheir age,genderandif they hadary experiencewith pen-
basedcomputers Eachsubjectwasassigned 4-digit randomized
numberthatwasusedto labelthe questionnairegiming les, and
video les relevantto anindividual subject.

Subjectsverethengiven anexplandion of how to usethe Tablet
PC, the experimentaltask and procedure,and the techniquesn-
volvedin accomplishinghe task. The experimentmoderatoralso
highlightedimportantinteractionguidelinesfor usingtabletssuch
as what minimum pressurewas neededon the screenfor an ink
strole to be renderedthat subjectscould usethe penasif using
pencil and paper and that it was okay for the themto resttheir
handsonthescreen.

Subjectsthenwentthrougha training session.The rst part of
thetrainingsessiorwasto collecta mathematicaéxpressiorthatis
usedby therecognizeito helpimprove recogniton accurag. This
expressioncontainedsymbok suchas"2', "z, °5', and’s' which
have anumberof differentstylesin whichthey canbewritten. Col-
lecting how the userwrote thesesymbolsensuredhat the recog-
nizer would accuratelydealwith a particularsubjects writing for
thosesymbols. After this step,the experimentmoderatorshoved
eachsubjecthow to usethe techniquedor correctingrecognition
errors, how to switch betweendifferent recognitionvisualization
techniqguesand how to startand stop eachtrial. For the second
part of the training session subjectwereinstructedto switchto a
techniguechosenby the moderatorpressthe “Start' buttonon the
screer(startingthetimer), write the expressiorshavn by themod-
eratorusing an index card, and press Finished' oncethe recog-
nition was correct (after making ary corrections). For training,
eachsubjectwrote eight expressionsusing eachrecogniion vi-
sualizationtechniquetwice. The order of the training trials was
pre-determinednd x edfor all subjects.Also notethatthe eight
expressionausedin the training sessioncontainedall of the sym-
bolsthatwereusedin the expressionsvrittenin the experimenttri-
als. This approactensuredhatif subjectshadproblemswith ary
particularsymbolthey could practicegettingtherecognizetto rec-
ognizetheir handwritingcorrecty beforemoving on thethe actual
trials.

After thetrainingsessionsubjectsvereasledif they werecom-
fortablewith the taskthey hadto perform. In eachcase they said
yes,andthe experimentwasstarted.For eachtrial, subjectshadto
write dovn one mathematicakxpressiort As in the training ses-
sion,theexperimentmoderatoishaved subjectsanindex cardwith
the mathematicakxpressionthey were supposedo write. There
werefour expressiortypesandfour recognitionvisualizationtech-
niquesfor atotal of 16trials. To controlfor ordereffects, theorder
ing of thetrials wasrandomizedor eachof the 24 subjects.

During thetrials, if a subjecthadtroublewriting the expression
afterseverd attemptstheexperimentmoderatoprovidedguidance
on haw to get theexpressiorto berecognizedtorrectly suchashow
they might write a particularsymbol,and by making suggestions
on usingthe error correctionuserinterface Note thatif a subject
accidentallyclicked on the “Finished” button beforean expression
wascorrectlyrecognizedthetrial wasdiscardedandredone.

Once the trials were nished, subjectswere given a post-
questionnairevhich asked questionsabouttheir useof thefour dif-
ferentrecognitionvisualizationtechniques Subjectscould alsogo
backto the TabletPCandrevisit thetechniquesf they wished.

3Even thoughthe multiple expressiontype hassubjeds write four ex-
pressionswe treatthis asonelarge expression.

5.4 Usability Metrics

In addition, to the task completiontime, we felt it wasimportant
to gatherfeedbackfrom eachsubjectabouttheir use of the four
recognitionvisualizationtechniquesn a systematiavay. Thus,in
the rst partof the post-questionnairaye hadsubjectsespondo a
total of four setsof eightidenticalstatementgeight statementsgor
eachrecognitionvisualizationtype). Thesestatementsiseda seven
point Likert scale(1=stronglyagree,7=stronglydisagree andthey
asledsubjectdo commenton eachtechniques

readability

ability to detectrecognitionerrors

ability to avoid andcorrectrecognitionerrors
level of frustration

effective useof screerspace

level of distraction

overall experience.

In the secondpart of the post-questionnaireye asked subjectsto
write down whichtechniquehey preferredthe mostandtheleastas
well ascommenbn their experiencesvith eachtechnique Finally,
we asled subjectso commenton the real-timefeedbackprovided
by thetechniques.

5.5 Results
5.5.1 Task Completion Time

A repeatedneasureswo way analysisof variance(ANOVA) was
performedon task completiontime (dependentariable)with ex-

pressiortype (ET) andvisualizationtechniquetype (VT) asthein-

dependentariables.Table1l summarizeshemain effectsof thein-

dependentariablesaswell astheirinteractioneffect. Theseresults
shaw thereweresigni cant differencesn taskcompletiontimesfor

bothVT andET andtheir interaction.

Effect TaskCompletionTime
ET VT ngli i,ﬁijg

Table 1: The main and interaction effects for expression type (ET)
and recognition visualization type (VT) for task completion time.

To gainabetterunderstandingf how thedifferentconditionsaf-
fectedtaskcompletiontime, we conducteda post-hoanalysisper
forming pairwisecomparisonn the four VT (six comparisons),
andon the interactionbetweenET and VT (24 comparisons).To
controlfor the chanceof Typel errors,we usedHolm's sequential

Bonferroniadjustmen{4] with 30 comparisongat = 0:05.
Typeset| Adjusted | Large | Small
Mean: | 151.89 | 81.42 | 78.72| 81.39
SD: 53.29 28.24 | 28.06| 31.5

Table 2: Mean completion times (in seconds) for the four recognition
visualization techniques when expression type is collapsed.

For VT (seeTable 2), therewere signi cant differencesbetween
Typesetand Adjusted (t2s = 5:1;p < 0:00178, Typesetand
Large (t2s = 7:66;p < 0:00167), and TypesetandSmall (tz3 =

5:23;p < 0:00172. Theseresultsindicatethat it took subjects
signi cantly longerto completethe recognitiontaskusingTypeset.
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Figure 4: Mean completion times (in seconds) for each condition in
the experiment.

For the interactionbetweenVT andET (seeFigure4), Table3
summarizeshe pairwisecomparisonghatare eithersigni cant or
closeto beingsigni cant.* Theseresuts shaw it took signi cantly
longerfor subjectsto completethe recognitiontask using Typeset
for Compactr Large.

In an effort to isolateary potentialconfoundingeffectif differ-
ent expressionor visualizationtypesresultedin different propor
tions of error correctiontechniqueusage we isolatedthe amount
of time the usersspententeringexpressionotherthanwhenthey
were correctingerrors. Analysis otherwiseidenticalto the analy-
sisfor thetotal entrytime wasperformedon this “non-error” time.
For VT (seeTable 4), therewere signi cant differencesbetween
Typesetand Adjusted(t,; = 3:985 p < 0:00172, and Typeset
andLarge (t22 = 4:731p < 0:00167, and Typesetand Small
(tz2 = 3:617,p< 0:00179.

For the interactionbetweenVT andET (seeFigure5), Table5
summarizeshepairwisecomparisonshatwerecloseto signi cant.
Due to the Bonferroniadjustmentno pairwisecomparisonsvere
signi cant.

5.5.2 Post-Questionnaire Results

In the rst part of the post-questionnaireye asked eachsubject
to respondusinga Likert scaleto eight statementgon readability
easeof errordetection, helpfulnessfor erroravoidanceandcorrec-

“Notethatthe pairwisecomparisonsnarkedwith a* in Table3 arenot
signi cant dueto duethe Bonferroniadjustment.

[ Comparison | TestStatistic|  PValue |
Simple
[ Typeset Small* | t3 =262 [ p= 0.015 ]
Multiple
[ Typeset Small* | tp3 = 316 [ p= 0:0044 ]
Compact
Typeset Small tos = 4:04 | p< 0:00185
Typeset Large t3 = 3:78 | p< 0:00192
Typeset Adjusted* | ty3 = 35 p = 0:002
Long
Typeset Large* ts = 3:38 p = 0:0025
Typeset Adjusted* | ty3 = 2:58 p= 0:0168

Table 3: Relevant interaction effects between VT and ET for task
completion time.

Typeset| Adjusted | Large | Small
Mean: | 68.87 54.10 54.09 | 56.41
SD: 87.72 68.90 | 69.25| 73.32

Table 4: Mean completion times (in seconds) for the four recognition
visualization techniques when expression type is collapsed.

tion, frustration,ef ciency of screenspaceusagedistraction,and
overall experience)for eachof the four recognitionvisualization
techniques. To analyzetheir responseswe conductedrriedman
testson eachsetof statementgeight testsin total), andto further
analyzethe data,we ran a posthoc analysisperforming pairwise
comparisonaising Wilcoxon SignedRanktests. For the post-hoc
analysiswe alsousedHolm's sequentiaBonferroniadjustmenf4]
with 6 comparisonstt = 0:05 for eachtest.

Signi cant differencesverefoundfor all eightstatementexcept
for theoneon errordetection.For all statementsvheresigni cant
differencesverefound,theresultsof post-hocanalysisaresumma-
rizedin Figure6.

In thesecondpartof the post-questionnairesubjectsvereasked
to choosewhich techniquethey preferredthe mostandthe least
(seeFigure7). SubjectgpreferreceitherAdjustedor Smallthemost
anddisliked TypesetandLargethe mostwhich con rms theresults
from subjectresponseto the Lik ert scalestatements.

Subjectsnverealsoakedto give commentson their experiences
with eachtechniqueandtheir responsearein line with their over-
all preferences.For Typesetin Place,approximately25% of the
commentsverepositive with particularattentionto easeof useand
readability Of theremaining75% of thecommentsmary subjects

[ Comparison | TestStatistic | PValue ]
Simple
[ Typeset Small* | t2 = 2:352 [ p= 0:028 |
Multiple
[ Typeset Small* | tx = 2:469 [ p= 0:022 |
Compact
Typeset Large* trr = 22672 | p= 0:014
Typeset Adjusted* | tz; = 3:090 | p= 0:005
Long
Typeset Large* to = 2914 | p= 0:008
Large- Small* tp = 2615 | p= 0.016

Table 5: Relevant interaction effects between VT and ET for task
completion time, excluding time spent correcting errors.
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Figure 5: Mean completion times (in seconds), excluding error cor-
rection, for each condition in the experiment.

mentionedhereal-timefeedbackvasslon comparedo their writ-
ing speed.Thesesubjectssaidthey hadto slow down their writing
speedto compensatdor the delay Othernegative commentsn-
cludeda generalfrustrationwith the technique dif culty dealing
with squareoots, subscriptsandsuperscipts,anddif culty in x-
ing errorswhenthey occurred.

For AdjustedInk, approximately75% of the commentswere
positive. Oneof the mostsigni cant commentsvason Adjusteds
positive aestheticvalue. One subjectcommented;This wasthe
easiesto use,andif you madeanerrorthe easiesto correct. This
lookedthe cleanesaindwasactuallyfun” Subjectsalsonotedthat
they liked Adjustedbecauset looked like their own handwriting.
Onesubjectcommented;| love it. | felt mostcomfortablewrit-
ing fastandreadingmy handwriting. In otherwords, | didn't feel
judgedby my badhandwriting: Subjectsalsostatedthat Adjusted
madeit easierto x errorsandwaslessdistractingthan Typeset.
Of the 25% of the commentsthat were negative, the majority of
themwereaboutdecreasedeadabilitywith Adjustedandageneral
dislike of theink font. Examiningthe experimentvideosshaved
thatthosesubjectswho disliked the ink font had handwriting that
differedsigni cantly from theink font we used.

For Large Offset, 33% of the commentsverepositive. Subjects
notedthat they like the offset natureof the techniqueand that it
waseasyto x errorswhenusingit. 12% of the commentson this
techniquewere neutral. Subjects either notedit was “usable” or
“okay” indicatingtherewas no real preferenceor the technique.
Theremainingcommentg55%) werenegative toward Large. The

Ladk of frustration: z=-2.78, p < 0.008
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Figure 6: The statistically signi cant results from post-hoc analysis
of the Likert scale parts of our post questionnaire. Arrows point in
the direction of the technique that was rated more favorably by users
on the labeled statement. The screen usage ef ciency attribute was
rated separately for the multiple equations and long equations condi-
tions; in this gure the statistics are reported for the multiple condition
followed by the long condition except in the one case where only one
reached signi cance (noted in brackets).

majority of thesecommentdocusedon the font beingtoo large or
the techniquetaking up too much space.Subjectalsocommented
thatthe large font sizemadethe techniquedistracting.

For Small Offset, 77.5%o0f the commentsverepositive. A ma-
jority of the commentsotedthe ef cient useof screermspacewith
this techniqueandseveral subjectdik ed the smallfont. A smaller
font for displayingrecognitionresultsusesless screenspace,so
subjectsappearto like the resultof having a smallerfont rather
thanhaving the smallerfont itself. Several subjectsalso saidthe
techniquewas goodin generalterms. Of the negative comments
(22.5%),thereweresubjectavhodid notlik e the smallfont, saying
it waslegible, but notaseasyto readasLarge.

Finally, whenaslkedto commenton thereal-timefeedbackrom
thetechniquesapproximately33%of thesubjectdelt thefeedback
wasuseful,readableandnot distracting.However, the majority of
thesubjectdelt that,in mary casesthefeedbackvasdistractingat
timesandthatthe real-timeapproachis usefuldependingon what
techniqueis employed. Giventhe distribution of the results,real-
time feedbackseemso have bothadwantagesnddisadwantages.

6 DISCUSSION

Theresultsof our experimentsuggesthata numberof the conjec-
turesmadeon the effectivenessandtradeofs of eachrecognition
visualizationtechniquearecorrect. For Typesetin Place thetech-
nigue was, indeed, the slovestone to use, and subjectsdid nd
it to be distracting,which causechigh levels of frustration. How-
ever, subjecs did not nd the techniqueto be ary morereadable
thanLarge Offset, for example. In addition, contraryto our origi-
nal conjecture,Typesetin Placewasnot preferredover Large and
Small Offsetwhendealingwith multiple andlong expressions\We
expectthisis dueto subjectgakingsolongto completerecognition
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Figure 7: The recognition visualization technique subjects liked and
disliked the most. Subjects preferred Adjusted and Small the most
and disliked Typeset and Large the most.

tasksusing Typesetin Place.Despiteall of theseproblemsourin-
tuition is thatthereis somecreatve changethat canbe madethat
would lessertheimpactof recognitionerrors.

For Large Offset, the techniquewas, as expected,ranked as
highly readableand highly distractingto subjects. Even with this
highlevel of distraction subjectdid nd thetechniqueto be more
helpfulin avoidingandcorrectingerrorsthanTypesein Place.This
indicatesthat distractionlevel may have contributed moreto sub-
jectsoverall techniquepreference.

Although Adjusted Ink shavs mary bene ts over Typesetin
Placeand Large Offset in the gures, it shavs no bene ts over
Small Offset, andis likely to be worsein somecasesdueto the
ambiguity of its parsefeedback.Theremay be bene tsto its aes-
thetic look andfeel, but from a functional perspectie we believe
Small Offsetis a betterchoice.

Small Offsetperformedworsewith long expressionsgonsistent
with our expectationswhich canbe partly attributed to the need
to scroll thoseexpressiondo seethe typesetoutput. However, as
you canseein Figure6, therearemary otherbene tsto this tech-
niquewhich outweighthatproblemin general.SmallOffsetcanbe
improved even further by changingit to alwaysbe on the screen,
despitescrolling,andusinga largerfont sizefor readability

Thetrendsvisible in our Resultssectionareconsistentwith one
exception. Together they indicatea clearoverall trendthat ranks
Small Offset and Adjusted Ink asthe besttechniquesand Large
Offsetand Typesetin Placeasthe worsttechniques.The one ex-
ceptionto this trendis that Large Offset seemgo performdispro-
portionatelywell and Small Offset disproportionatelypoorly with
Long expressions.

7 FUTURE WORK

Sincenearlyhalf the subjectgreferredAdjustedink the most,and
becauseve still obsenedpeoplemissingerrorsusingSmallOffset,
suchasa z substitutedor a 2 or a sloppy exponentinterpretedas
asibling, we expectimprovzementsarestill possible.For instance,
combiningSmallOffsetwith Adjustedink , or furtherimprovement
to Adjustedink, mightresultin aconsensubesttechnique.
Ratherthanjust studyingthe visualizationtechniquesn isola-
tion, we believe it will bevaluableto gain a deepemunderstanding
of theinteractionbetweereditingandvisualizationtechniquesFor
instancemary peopleinstinctively try to edit thetypesetfeedback
ratherthantheink, evenwhenthey alreadyknow thesystendoesnt
allow that. In addition,therearefurther opportunitiesto enhance
visualizationsto cover semanticconceptsratherthan just syntax.
Theremay be waysto make Typesetin Placework betteror nd

contets whereit alreadyworks better; Thimbleby[11] presentsa
calculatorusing a techniguevery similar to Typesetin Placebut
which to us seemso performacceptablyin thelimited contet the
calculatorprovides.

8 CONCLUSION

We have presente@dnexperimentaktudyon four differentrecogni-
tion visualizationtechniquesTypesein Place Adjustedink, Large
Offset, and Small Offset. The goal of this studywasto determine
how effective eachtechniquds in assistingusersin identifying and
correctingrecognitionmistalesunderdifferenttypesandquantities
of mathematicaéxpressionsUsingtaskcompletiontime andpref-
erenceinformationfrom a post-questionnairaye found that sub-
jectsgenerallyprefer AdjustedInk or the Small Offset technique
and are signi cantly fasterat viewing and correctingerrorswith
themthanwith Typesetin Place.However, we believe thatthereis
opportunityto do evenbetterby furtherenhancingAdjustedink or
combiningit with Small Offset.
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