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ABSTRACT

Wepresentanexperimentalstudythatevaluatesfour differenttech-
niquesfor visualizing the machineinterpretationof handwritten
mathematics.Typesetin Placeputs a printed form of the recog-
nized expressionin the samelocation as the handwritten mathe-
matics. AdjustedInk replaceswhatwaswritten with scaled-to-�t,
cleanedup handwrittencharactersusing an ink font. The Large
Offsettechniquescalesarecognizedprintedform to bejustaswide
asthehandwritteninput,andplacesit below thehandwrittenmath-
ematicalexpression.TheSmallOffsettechniqueis similar to Large
Offsetbut theprintedform is setto bea �x edsizewhich is gener-
ally smallcomparedto thewrittenexpression.

Our experimentexploreshow effective eachtechniqueis with
assistingusersin identifying and correctingrecognitionmistakes
with different types and quantitiesof mathematicalexpressions.
Our evaluationis basedon taskcompletiontime anda comprehen-
sive post-questionnaireusedto solicit reactionson eachtechnique.
Theresultsof our studyindicatethat,althougheachtechniquehas
advantagesanddisadvantagesdependingon thecomplexity of the
handwrittenmathematics,subjectstooksigni�cantly longertocom-
pletetherecognitiontaskwith Typesetin Placeandgenerallypre-
ferredAdjustedInk or SmallOffset.

Keywords: pen-baseduserinterfaces,mathematicalexpression
recognitionresults,usabilityevaluation,typeset,adjustedink

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

1 INTRODUCTION

Computerrecognitionof handwrittenmathematicsis an old [1]
and important [7] �eld, and many advanceshave beenmadein
thedecadesof researchon it. However, we posit that, sincesome
handwrittenmath is ambiguouseven to anotherhuman,even the
bestachievablerecognitiontechniqueswill attimesmisinterpretthe
writer's intent. Thus,identifying andcorrectingrecognitionerrors
canbeviewedasa fundamentalproblem. Nonetheless,compared
to thecorealgorithmicproblemof recognizinghandwrittenmath-
ematics,very little attentionhasfocusedon UI techniqueswhich
allow usersto copewith recognitionerrors. In particular, we have
identi�ed two UI taskswhich merit investigation: visualization
techniquesfor depictingthemachineinterpretationof handwritten
mathematicsandthusidentifyingrecognitionerrors,andinteraction
techniquesfor correctingthemachineinterpretation.

Thispaperfocusesonevaluatingtechniquesfor theinitial taskof
visualizingthemachineinterpretationof handwrittenmathematics.
Thepreviously developedtechniqueswe chose[14] wereintended
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to cover the spaceof designpossibilitiesandcommonusagesce-
narios. Our �rst priority was to presenttypesetfeedbackbecause
of its familiarity andexpressiveness.In pilot studieswe explored
variousoptionsfor this feedbackandconcludedthat threeof those
optionscouldrepresentthisspace.Wealsoincludedafourthoption
thataddresseda speci�c limitation of typesetfeedbackwhengiven
in placeof theuser's ink. Noneof theothertechniqueswe consid-
eredseemedto warranttheeffort requiredto expandthisevaluation,
althoughnotall thosetechniqueswerefully implemented.

For this evaluation,we developeda setof tasksintendedto be
representative of a set of commonusagescenarios,for example,
transcriptionvs. problemsolvingor largeopenwriting spacesvs.
smalldialogs.Theobjectivewasto addressquantitatively theques-
tion of whetherthereweresigni�cant relative bene�ts to the dif-
ferenttechniquesin individual scenarios,andwhethertherewasa
generallyacceptableconsensustechnique.Theexperimentalstudy
evaluatedeachtechniquein termsof speed,readability, useof white
space,distraction,andoverall preference.To determinewhenone
techniquemight be moreappropriatethananother, subjectseval-
uatedeachoneunderfour conditionsrepresenting differentmath-
ematicalexpressiontypesof varying complexity. To the bestof
our knowledge,this is the �rst studyto systematicallyexplore the
usability involvedwith differentapproachesfor presentingmathe-
maticalexpressionrecognitionresultsto theuser.

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

2 RELATED WORK

Althoughtherehasbeenasigni�cant amountof work onmathemat-
ical expressionrecognitionovertheyears[2],therehasbeenlittle on
how to effectively presentrecognitionresultsto theuser. Zanibbi,
etal. [13] experimentallyevaluatedaversionof offsettypesetfeed-
backandadynamicmorphof theuser's ink to �t acleaned-upver-
sion of the input characters'boundingboxes,basedon the recog-
nition andparseresults.Our evaluationfocuseson real-timefeed-
backwheretheirsusedsolely batchfeedback,andwealsocompare
somewhatdifferenttechniques:we don't have ananimatedmorph-
ing technique,but the techniquethatcleansup theuser's ink does
soto a �x edsetof ink characters(an“ink font”), thusadditionally
providing feedbackon thecharacterrecognition.

LaViola [6] evaluatedan entiremathsketching system,includ-
ing a recognitionfeedbacktechniquethatchangedtheuser's input
to cleaned-uphandwrittenink thesamewayouradjustedtechnique
does.However, thecontribution of the recognitionfeedbacktech-
niquewasnot isolated,nor wereany alternativescompared.In ad-
dition, ouradjustedtechniqueadditionallyshowsparserecognition
resultsby coloringthecharacters.

Smithies,et al. [10] presenteda math recognitionsystemthat
provided an interactive displayof symbol recognitionby shading
the boundingbox of eachgroup of strokes correspondingto one
symbolandthenlocatinga typesetdisplayof therecognizedsym-



bol in the upper-left cornerof the boundingbox. Thus,this tech-
nique is loosely relatedto our small offset technique;however, it
was not a completeinteractive recognitiondisplay sinceit could
not depict the parsestructure. Instead,the userwould invoke the
equationparserexplicitly andseetheresultin aseparatewindow.

CueTIP[8] presentsa mixed-initiative interfacefor correcting
linearhandwrittentext in which thesystemcontinuesto assistthe
userevenascorrectionsaremade.Theprimaryfocusof thiswork is
on thecorrectioninterfaceandnot on thevisualizationmechanism
for identifyingarecognitionerror. Thevisualizationtechniqueused
is similar to our small offset typesetdisplay technique,but they
offer noanalysisof it.

Wais, et al. [12] evaluatedrecognition feedbackin the context
of sketchrecognition.Therefeedbackconsistedof displaying rec-
ognizedsymbolsin different colors and drawing text labelsnext
to recognizedsymbols. Although thesetechniquesaresimilar to
someof the approacheswe aretesting,this work wasfocusedon
recognitionfeedbackfor circuit diagramsinsteadof mathematics.

Igarashi,et al. [5] andGoldberg andGoodman[3] presenttech-
niquesfor visualizingrecognitionerrorsasalternatesin situ of the
original drawing context. Thus,in somesensethey areequivalent
to our adjustedink technique,but they additionallydisplayrecog-
nition alternates.However, the two problemswith applyingthese
approachesto handwrittenmathematicsarethatthey forceerrorsto
beseenandcorrectedasthey occur, andthey cannotbeeasilyex-
tendedto clearlydepictbothsymbolandparsingalternatesin situ.

3 VISUALIZATION TECHNIQUES

When designingour recognitionvisualizationtechniques,we es-
tablishedseveralguidingdesigncriteria.First,wewantedthevisu-
alizationtechniquesto requireminimal extra spaceon the display
outsideof thehandwrittenmath.Second,wewantedto expressun-
ambiguouslythecompletemachineinterpretationof therecognized
mathematics.Third, wewantedto presenttherecognitioninterpre-
tationto theuserasthey werewriting sothey couldidentify errors
asearlyaspossible.Fourth,we did notwant to disruptor distract
the userfrom their mathematicaltask. Last, we wantedit to be
easyfor usersto locaterecognitionerrorsat their convenience(i.e.,
rangingfrom instantlyto evenminuteslater).

We surveyed a numberof techniqueswith overlappingbene�ts
and,in pilot testing,narrowedthis setto four techniqueswhich we
believehavedistinctbene�ts.Webrie�y presentthesefour alterna-
tiverecognitionvisualizations,alongwith theirhypothesizedtrade-
offs (Figure1). The techniquesinclude: Typesetin Place, which
replaceshandwrittenink strokeswith typesetmathematicson the
�y; AdjustedInk, whichreplaceshandwrittenink strokeswith char-
actersfrom a clari�ed andcolorizedink font; Large Offset, which
displaystypesetrecognitionresultsbelow andscaledto the same
width asthehandwrittenink; andSmallOffset, whichalsodisplays
typesetresultsbelow the handwrittenink but at a constant,rela-
tively small font size. More detailson thesetechniquesandtheir
developmentcanbefoundin [14].

3.1 Typeset in Place

TheTypesetin Placetechniqueprovidesa clear, unambiguousdis-
play of the full semanticsof the machine's interpretationof the
handwrittenmathematicsand typically usesno more (often less)
spacethantheuser's own handwriting.This techniquereplacesthe
user's ink with appropriatelytypesetmath, at the sameapproxi-
matesizeastheink, duringsuf�ciently long pauses(.5 secs)in the
writer's input (seeFigure1(a)). To avoid having to adjustprevious
typesetcharacters, the typesetfont size is best-�t only to the ini-
tial handwrittencharacter. This meansthat subsequentcharacters
will notmatchexactlyor sometimesevencloselyto theirhandwrit-
tencounterparts.Sincesubsequentink is interpretedrelative to the
displayedtypesetnotation,the shift in characterlocationandsize

(a) Typeset (b) Adjusted

(c) Offsetlarge (d) Offsetsmall

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.

cancauseparserecognitionerrors for userswho fail to adapttheir
writing to theemerging typesetnotation.In addition,sincethecost
of letting anerrorgo is sohigh in termsof cascadingerrorsto fu-
tureinput,usersareessentiallyforcedwith thistechniqueto resolve
mistakes asthey occur.

3.2 Coloring

To avoid symbol adjustmentcomplexities of the typesetreplace-
menttechnique,symbolcoloringcanbeusedto indicategeometri-
cal parserelationships.This colorizeddisplayis initially lessclear
thantypesetnotationsinceit requiresusersto understanda novel
mappingbetweencolorsandmathematicalsemantics.In addition,
colorizationalonedoesnot indicatewhich symbolshave beenrec-
ognized,soit mustbepairedwith someothertechniqueto present
a completesemanticdescriptionof themathematics.We have ex-
ploreda setof differentmappingsbetweencolor andmathematical
semantics,but only presentthe one approachwe believe is most
general:we color eachcharacteraccordingto the typesetbaseline
to whichthatcharacterbelongs.Theideais thattheuserdetermines
theparsestructureby consideringtherelativecolorsof neighboring
characters;charactersthathavethesamecoloraresiblings(i.e. 2x),
andcharactersthathave differentcolorsmusthave differentbase-
lines (i.e., 2x ). Sincerelatively few symbolcolorscanbe readily
distinguishedfor small text, especiallyon the typical poor Tablet
PC screens,we usea paletteof � ve colors(orange,green,brown,
red,andblue)andonly color the� ve mostrecentlymodi�ed base-
lines,leaving therestblack.

3.3 Adjusted Ink

The AdjustedInk techniquepairs the Coloring techniquewith a
symbolsubstitutiontechniquethat replacesthe user's handwritten
symbolswith correspondingink symbolsdrawn from apre-de�ned,



handwritten,but highly legible font (Figure1(b)).1 Sincethe re-
placedink occupiesexactly thesameboundingbox astheoriginal
ink, this techniquerequiresno morespacethantheuser's original
handwriting. Comparedto the initial Typesetin Placetechnique,
this techniqueis lessdisruptive, just aseconomicalon space,but
unfortunatelycannotalwaysdisplaymathematicalsemanticsunam-
biguously.

3.4 Large Offset

TheLargeOffsettechniquedisplaysrecognitionresultsin atypeset
form that is below anduniformly scaledto thewidth of the hand-
written ink. This techniquealsoprovidesa redundant,but in-place,
displayof the structuralparseby usingthe Coloring techniqueon
theuser'sown handwrittenink (Figure1(c)). Sincetheuser's ink is
not geometricallyadjusted,the typesetnotationandthe ink colors
areupdatedinstantlyafter eachstroke is drawn without causinga
necessarydisruptionin theuser's input. Sincethetypesetnotation
is �t to the width of the handwrittenink, this techniqueroughly
doublesthe displayspacerequirementsover just the user's hand-
writing. However, by matchingthe sizeof the typesetto the ink,
handwrittencharacterstend to line up closely with their typeset
counterparts,facilitating reasoningaboutrecognitionerrors. The
relationshipbetweenink and typesetcan be further explored by
hoveringthepenoveratypesetcharacterto seearedoutlinearound
its correspondingink stroke(s).We choseto put typesetresultsbe-
low ratherthanabove the user's ink becauseour experimentation
showedthatputtingit above tendedto overlapwith already-written
expressions,makingit dif�cult to referto previousexpressionsin a
derivationwithout requiringextraverticalspacing.

3.5 Small Offset

SmallOffsetbehavesthesameasLargeOffsetexceptthat instead
of matching thetypesetdisplayto thewidth of thehandwrittenink,
a �x ed,relatively small,font sizeis used(Figure1(d)). SmallOff-
set is thus quite similar to approachestaken by other math [13]
and plain text (e.g., Microsoft's Tablet PC text input panel)sys-
temswhichdraw unscaledtypesetnotationsneartheinput ink—the
principaldifferencebeingthatSmallOffset is pairedwith our Col-
oring technique. Small Offset requiresrelatively little additional
displayspace,but canbe somewhat hardto readfor complex ex-
pressionsandestablishesno structuredvisualrelationshipbetween
correspondingink andtypesetcharacters.

4 TECHNIQUE CONJECTURES

To understandhow thesetechniquesaffect a user's ability to detect
andsubsequentlycorrectmathematicalexpressionrecognitioner-
rors,we �rs t conducteda small pilot study. In thepilot, we asked
threesubjectsto try out thedifferenttechniqueswhenwriting sev-
eral polynomial expressions.From this pilot and from our tech-
niquedesign,wecameupwith anumberof conjecturesabouteach
one.

Typesetin Place. The Typesetin Placetechniqueis expected
to bedesirablebecauseit providesa highly readable,andcomplete
displayof themachineinterpretationthatis effortlessly uni�ed with
thehandwritteninputandthusdisplayeddirectly in theuser's �eld-
of-view. We believe theseadvantageswould standout in situations
whererecognitionaccuracy canbeexpectedto behigh,suchasfor
simple expressionswith at most one super- or sub-script,and in
situationswheredisplayspaceis at a premiumsuchaswhenwrit-
ing densely-packed expressions.However, in practice,achieving
truly high recognitionaccuracy in generalis so dif�cult that we

1We consideredusinganactualtypesetfont, but foundthat it produced
anugly “ransomnote”look that,interestingly, doesnotseemtobegenerated
by thehandwrittenfont. We alsoconsideredletting userscreatetheir own
handwritingfont, but basedon pilot testsfound that unnecessary for this
evaluation.

hypothesizethat this techniquewill be the leastdesirablesinceit
exacerbatesrecognitionerrorsasit adjustssymbollocations.

AdjustedInk. We expect that, comparedto Typesetin Place,
AdjustedInk will not beconsidereddisruptive. However, we also
suspectthatuserswill be lesssensitive to detectingcertainerrors,
bothbecauseof the theColoringtechnique's fundamentalinability
to expressthecompleterecognitionsemantics,andbecauseColor-
ing de-emphasizescertainerrors,suchaswhenthingsthatare sup-
posedto beon differentbaselinesarerecognizedto beon thesame
baseline(i.e., it' seasyto overlooktwo thingshaving thesamecolor
whenthey shouldhave differentcolors). Nonetheless,becauseof
its economicaluseof spaceandnon-disruptivedisplay, wehypothe-
sizethatAdjustedInk will bethefastestto use,theleastdistracting,
and oneof themostpreferredoverall.

Large Offset. TheLargeOffset techniquewasdesignedto pro-
videaclearlyreadabledisplay, at theexpenseof usingextradisplay
space.Thus,weexpectthatuserswill �nd it mosteffective for sin-
gle complex expressions,andleasteffective whenwriting multiple
expressions.We alsosuspectthatpeoplemay�nd thelargesizeof
the typesetdisplayto bedistracting.Thuswith this technique,we
hypothesizethattheuserexperiencewill bethemostvariedacross
differenttypesof input,with thetechniquefaringquitewell for iso-
latedcomplex expressions,andperhapsquitepoorly whenusedto
write multipleexpressions.

SmallOffset.Webelieve thatSmallOffsetbalancestrade-offs in
space,legibility, expressivenessanddisruptivenesswell, suchthatit
will have theleastvariancebetweenits worstandbestcasescenar-
ios. In particular, we suspectthat it will performworst for long or
complex expressionswhichmaybehardto readandassociatewith
handwrittenink, andthat it will performbestwhenwriting multi-
pleexpressions.Overall,wehypothesizethatthis techniquewill be
ratedhighly, on parwith AdjustedInk, andperhapsbetterbecause
of its ability to completelyexpressthemachineinterpretation.

5 USAB ILITY EVALUATION

To exploretheeffectiveof our recognitionvisualizationtechniques
and the conjectures describedin the last section,we conducteda
formal userevaluationto quantifyuserpreferencesacrossthe dif-
ferenttechniquesandmathematicalexpressioncomplexities.

5.1 Subjects and Apparatus

Twenty-foursubjects(15 male,9 female)wererecruitedfrom the
undergraduatepopulationat theUniversityof CentralFloridawith
agesrangingfrom 18-28. Of the 24 subjects,11 hadusedsome
form of apen-basedinterface(e.g.,PalmPilot, TabletPC),but their
interactionswith themwereminimal. We chosesubjects who had
takenmathematicsclasseswith a minimum understandingof Cal-
culussincewewantedoursubject populationto exemplify students
that could have usedour software in their work. We alsowanted
to ensurethatsubjectsunderstoodall of themathematical symbols
usedin theexperiment.Theexperimenttook eachsubjectapproxi-
mately60minutesto completeandall subjectswerepaid10dollars
for their time.

Theexperimentalsetup(seeFigure2) consistedof aHPTC4400
TabletPCwith 1.83GHzdualcoreprocessorand2 GB of memory.
TheTabletPCwasattachedto anLCD monitorsotheexperimenter
couldseewhatsubjectswerewriting on thescreenwithout having
to look over a subject's shoulder. A video camerawasalsoused
so we could analyzeeachexperimentalsessionafter it wascom-
pleted. Thesoftwareusedin theexperimentwasour custombuilt
mathematicalexpressionrecognitionengine[14].

5.2 Experimental Task

The task subjectshad to perform in the experimentwas to enter
mathematicalexpressionsusingtheTabletPC,and,givena recog-
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.

Figure 3: A screen shot of the interface used in our experiment.

correctlyinterpretedtheir expression.If an expressionhaderrors,
subjectswould correctany mistakesuntil recognition wascorrect.
For eachtrial, subjectswouldpressthe“Start” buttonto begin writ-
ing (startinga timer) andpressthe“Finished” button(stoppingthe
timer)whenrecognitionwascorrect(Figure3).

Subjectswrotefour differenttypesof mathematicalexpressions
(simple,multiple, compact,long) during the courseof the exper-
iment. Expressiontypesvaried in complexity so we could better
determinehow eachrecognitionvisualizationtechniqueaffecteda
subject'sability to seeandcorrectrecognitionerrors.

Theexpression
3x2 � 4y2 = 7

is an exampleof a simpleexpression.Thesetypesof expressions
were simple polynomialsdesignedto be fairly easyto recognize
andnot take up too muchspace.They arecharacteristicof whatan
algebrastudentmightbeworkingwith.

For multiple expressions,userswrotea seriesof four equations
with four unknown variables,suchas

5x + 3y � 2z + w = 0
3x � 5y + z � 4w = 5
7x � y + 3z � 2w = � 6
x � 2y + 7z � 2w = 2:

Theseexpressionswere designedso subjectshad to write a se-
quenceof expressionsvertically (asif working with simultaneous

equations),to speci�cally judgetheeffectivenessof the “in place”
techniquesversusthe“offset” techniques.2

For compactexpressions,userswrotemathematicsthat utilized
morecomplicatedstructuresuchas

Z b

a

x2+ t sin x
� q tan( x3) + cx

dx

wheresuperscripts are featured so therewould be more symbols
closertogether. Division linesarealsousedin theseexpressionsto
makethemmorecompact.Theseexpressionsweredesignedto help
testuserfrustrationanddistractiondueto abruptchangesin con-
verting the mathematicalsymbolsinto eitherTypesetor Adjusted
Ink in place.

Finally, longexpressionsweredesignedto testuserdistractionas
they wroteacrossthescreenand hadto utilize thehorizontalscroll
barto make roomfor theentireexpression.Theexpression

3x5 + 4x4 � 7x3 + 5x2 � 6x + 1
9xy � xp + 2xd � 2xy + x � 4

is anexampleof a longexpression.
Subjectshadthreedifferentmethodsfor correctingrecognition

errors. First, they could erasepartsof the handwrittenexpression
usingascribblegestureandrewrite theappropriatesymbolsuntil a
correctrecognitionwasmade.Second,for incorrectlyrecognized
symbols,subjectscould go to the alternatelist to �nd the correct
recognition.Third, subjectscouldcircleasymbolor groupof sym-
bolsandmove themon thescreento correctparsingerrors.

5.3 Experimental Design and Procedure

Weuseda4 x 4within-subjectsfactorialdesignwheretheindepen-
dentvariableswerevisualizationtypeandmathematicalexpression
type. Visualizationtype variedbetweenTypesetin Place(“Type-
set”), AdjustedInk in place(“Adjusted”), Large Offset (“Large”),
andSmall Offset (“Small”). Mathematicalexpressiontype varied
betweensimpleexpressions,multipleexpressions,compactexpres-
sions,andlongexpressions.

Thedependentvariablewastaskcompletiontime,de�ned asthe
time it took for subjectsto pressthe `Start' button, write down a
mathematicalexpression,have the systemrecognizeit, make any
correctionsto the expression(if needed),andpressthe `Finished'
button whenthe expressionwascorrectlyrecognized.In addition
to taskcompletiontime, we alsomeasureduserpreferencesusing
a post-questionnairewhich asked a seriesof questionsabouteach
recognitionvisualizationtechnique(seethenext sectiononUsabil-
ity Metricsfor details).

After an initial analysisof the task completiontimes for each
condition,we discoveredthat the time spenton correctingerrors
couldbeasigni�cantconfoundin theoverall taskcompletion time.
Thus,wecollectedmoredataontaskcompletiontimebyexamining
thevideorecordingsfrom eachsubject.Werecordedtheamountof
time eachsubjectspentcorrectingbothsymbolandparsingerrors
for eachconditionin theexperiment.In addition,wealsocollected
how many symbolandparsingerrorssubjectscorrectedandhow
many timesthey usedthe scribbleerasegesture,the alternatelist,
or the circle gesturein doing so. Note that we found oneof the
videosessionswascorruptedandsowe couldonly gatherthis data
from 23subjects.

It is important to note that we did not attemptto control for
recognitionaccuracy in ourexperimentaldesignotherthanthrough
pilot testinga strategic choiceof expressions(i.e., expressionsthat
werenot “reasonably”recognizablewereavoided)thatwerelikely
to producea representative setof errorsacrossusers.We werenot

2Recall that the offset techniquesplacethe recognition resultdirectly
below thehandwrittenmathematics.



ableto deviseanexperimentalprocedurethatrigorouslycontrolled
for recognition accuracy in a valid way, sincearbitrarily inducing
errorswould likely have resultedin introducing“unreasonable”er-
rorsthatwerenot re�ectiveof how realrecognizerswork.

The experimentsbegan with a pre-questionnaireasking each
subjecttheir age,gender, andif they hadany experiencewith pen-
basedcomputers.Eachsubjectwasassigneda 4-digit randomized
numberthatwasusedto label thequestionnaires,timing �les, and
video�les relevantto anindividual subject.

Subjectswerethengiven anexplanation of how to usetheTablet
PC, the experimentaltask and procedure,and the techniquesin-
volved in accomplishingthe task. Theexperimentmoderatoralso
highlightedimportantinteractionguidelinesfor usingtabletssuch
as what minimum pressurewas neededon the screenfor an ink
stroke to be rendered,that subjectscould usethe penas if using
pencil and paper, and that it was okay for the them to rest their
handson thescreen.

Subjectsthenwent througha training session.The �rst part of
thetrainingsessionwasto collectamathematicalexpressionthatis
usedby therecognizerto help improve recognition accuracy. This
expressioncontainedsymbols suchas`2', `z', `5', and`s' which
have anumberof differentstylesin whichthey canbewritten. Col-
lecting how the userwrote thesesymbolsensuredthat the recog-
nizer would accuratelydealwith a particularsubject's writing for
thosesymbols. After this step,the experimentmoderatorshowed
eachsubjecthow to usethe techniquesfor correctingrecognition
errors,how to switch betweendifferent recognitionvisualization
techniques,and how to start and stop eachtrial. For the second
part of the training session,subjectwereinstructedto switch to a
techniquechosenby themoderator, pressthe `Start' buttonon the
screen(startingthetimer),write theexpressionshown by themod-
eratorusing an index card, and press`Finished' oncethe recog-
nition was correct (after making any corrections). For training,
eachsubjectwrote eight expressions,using eachrecognition vi-
sualizationtechniquetwice. The order of the training trials was
pre-determinedand�x ed for all subjects.Also notethat the eight
expressionsusedin the training sessioncontainedall of the sym-
bolsthatwereusedin theexpressionswritten in theexperimenttri-
als. This approachensuredthat if subjectshadproblemswith any
particularsymbolthey couldpracticegettingtherecognizerto rec-
ognizetheir handwritingcorrectly beforemoving on thetheactual
trials.

After thetrainingsession,subjectswereaskedif they werecom-
fortablewith the taskthey hadto perform. In eachcase,they said
yes,andtheexperimentwasstarted.For eachtrial, subjectshadto
write down onemathematicalexpression.3 As in the training ses-
sion,theexperimentmoderatorshowedsubjectsanindex cardwith
the mathematicalexpressionthey weresupposedto write. There
werefour expressiontypesandfour recognitionvisualizationtech-
niquesfor a totalof 16trials. To controlfor ordereffects,theorder-
ing of thetrialswasrandomizedfor eachof the24subjects.

During thetrials, if a subjecthadtroublewriting theexpression
afterseveral attempts,theexperimentmoderatorprovidedguidance
on how to get theexpressionto berecognizedcorrectly, suchashow
they might write a particularsymbol,andby making suggestions
on usingthe error correctionuserinterface. Note that if a subject
accidentallyclickedon the“Finished” buttonbeforeanexpression
wascorrectlyrecognized,thetrial wasdiscardedandredone.

Once the trials were �nished, subjectswere given a post-
questionnairewhichaskedquestionsabouttheiruseof thefour dif-
ferentrecognitionvisualizationtechniques.Subjectscouldalsogo
backto theTabletPCandrevisit thetechniquesif they wished.

3Even thoughthe multiple expressiontype hassubjects write four ex-
pressions,we treatthisasonelargeexpression.

5.4 Usability Metrics

In addition, to the taskcompletiontime, we felt it was important
to gatherfeedbackfrom eachsubjectabouttheir useof the four
recognitionvisualizationtechniquesin a systematicway. Thus,in
the�rst partof thepost-questionnaire,wehadsubjectsrespondto a
total of four setsof eight identicalstatements(eightstatementsfor
eachrecognitionvisualizationtype).Thesestatementsusedaseven
point Likert scale(1=stronglyagree,7=stronglydisagree)andthey
askedsubjectsto commentoneachtechnique's

� readability
� ability to detectrecognitionerrors
� ability to avoid andcorrectrecognitionerrors
� level of frustration
� effectiveuseof screenspace
� level of distraction
� overall experience.

In the secondpart of the post-questionnaire,we asked subjectsto
write down whichtechniquethey preferredthemostandtheleastas
well ascommenton theirexperienceswith eachtechnique.Finally,
we askedsubjectsto commenton thereal-timefeedbackprovided
by thetechniques.

5.5 Results

5.5.1 Task Completion Time

A repeatedmeasurestwo way analysisof variance(ANOVA) was
performedon taskcompletiontime (dependentvariable)with ex-
pressiontype(ET) andvisualizationtechniquetype(VT) asthein-
dependentvariables.Table1 summarizesthemaineffectsof thein-
dependentvariablesaswell astheir interactioneffect. Theseresults
show thereweresigni�cant differencesin taskcompletiontimesfor
bothVT andET andtheir interaction.

Effect TaskCompletionTime

ET F3;21 = 57:84
p < 0:05

VT F3;21 = 23:14
p < 0:05

ET � VT F9;15 = 3:79
p < 0:05

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

To gainabetterunderstandingof how thedifferentconditionsaf-
fectedtaskcompletiontime,weconductedapost-hocanalysis,per-
forming pairwisecomparisonson the four VT (six comparisons),
andon the interactionbetweenET andVT (24 comparisons).To
control for thechanceof TypeI errors,we usedHolm's sequential
Bonferroniadjustment[4] with 30comparisonsat � = 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 (t23 = 5:1; p < 0:00178), Typesetand
Large (t23 = 7:66; p < 0:00167), andTypesetandSmall (t23 =
5:23; p < 0:00172). Theseresultsindicatethat it took subjects
signi�cantly longerto completetherecognitiontaskusingTypeset.
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Figure 4: Mean completion times (in seconds) for each condition in
the experiment.

For the interactionbetweenVT andET (seeFigure4), Table3
summarizesthepairwisecomparisonsthatareeithersigni�cant or
closeto beingsigni�cant.4 Theseresults show it took signi�cantly
longerfor subjectsto completethe recognitiontaskusingTypeset
for Compactor Large.

In aneffort to isolateany potentialconfoundingeffect if differ-
ent expressionor visualizationtypesresultedin differentpropor-
tions of error correctiontechniqueusage,we isolatedthe amount
of time the usersspententeringexpressionsotherthanwhenthey
werecorrectingerrors. Analysisotherwiseidentical to the analy-
sisfor thetotal entrytime wasperformedon this “non-error” time.
For VT (seeTable 4), therewere signi�cant differencesbetween
TypesetandAdjusted(t22 = 3:985; p < 0:00172), andTypeset
and Large (t22 = 4:731; p < 0:00167), and Typesetand Small
(t22 = 3:617; p < 0:00179).

For the interactionbetweenVT andET (seeFigure5), Table5
summarizesthepairwisecomparisonsthatwerecloseto signi�cant.
Due to the Bonferroniadjustment,no pairwisecomparisonswere
signi�cant.

5.5.2 Post-Questionnaire Results

In the �rst part of the post-questionnaire,we asked eachsubject
to respondusinga Likert scaleto eightstatements(on readability,
easeof errordetection,helpfulnessfor erroravoidanceandcorrec-

4Notethat thepairwisecomparisonsmarkedwith a * in Table3 arenot
signi�cant dueto duetheBonferroniadjustment.

Comparison TestStatistic PValue
Simple

Typeset- Small* t23 = 2:62 p = 0:015
Multiple

Typeset- Small* t23 = 3:16 p = 0:0044
Compact

Typeset- Small t23 = 4:04 p < 0:00185
Typeset- Large t23 = 3:78 p < 0:00192

Typeset- Adjusted* t23 = 3:5 p = 0:002
Long

Typeset- Large* t23 = 3:38 p = 0:0025
Typeset- Adjusted* t23 = 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 screenspaceusage,distraction,and
overall experience)for eachof the four recognitionvisualization
techniques.To analyzetheir responses,we conductedFriedman
testson eachsetof statements(eight testsin total), andto further
analyzethe data,we ran a posthoc analysisperformingpairwise
comparisonsusingWilcoxon SignedRanktests.For the post-hoc
analysis,wealsousedHolm'ssequentialBonferroniadjustment[4]
with 6 comparisonsat � = 0:05 for eachtest.

Signi�cant differenceswerefoundfor all eightstatementsexcept
for theoneon errordetection.For all statementswheresigni�cant
differenceswerefound,theresultsof post-hocanalysisaresumma-
rizedin Figure6.

In thesecondpartof thepost-questionnaire,subjectswereasked
to choosewhich techniquethey preferredthe most and the least
(seeFigure7). SubjectspreferredeitherAdjustedor Smallthemost
anddislikedTypesetandLargethemostwhichcon�rms theresults
from subjectresponsesto theLikert scalestatements.

Subjectswerealsoaskedto give commentson their experiences
with eachtechniqueandtheir responsesarein line with their over-
all preferences.For Typesetin Place,approximately25% of the
commentswerepositivewith particularattentionto easeof useand
readability. Of theremaining75%of thecomments,many subjects

Comparison TestStatistic PValue
Simple

Typeset- Small* t22 = 2:352 p = 0:028
Multiple

Typeset- Small* t22 = 2:469 p = 0:022
Compact

Typeset- Large* t22 = 2:672 p = 0:014
Typeset- Adjusted* t22 = 3:090 p = 0:005

Long
Typeset- Large* t22 = 2:914 p = 0:008
Large- Small* t22 = � 2:615 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.

mentionedthereal-timefeedbackwasslow comparedto theirwrit-
ing speed.Thesesubjectssaidthey hadto slow down their writing
speedto compensatefor the delay. Othernegative commentsin-
cludeda generalfrustrationwith the technique,dif�culty dealing
with squareroots,subscripts,andsuperscripts,anddif�culty in �x-
ing errorswhenthey occurred.

For AdjustedInk, approximately75% of the commentswere
positive. Oneof themostsigni�cant commentswason Adjusted's
positive aestheticvalue. One subjectcommented,“This was the
easiestto use,andif you madeanerror theeasiestto correct.This
lookedthecleanestandwasactuallyfun.” Subjectsalsonotedthat
they liked Adjustedbecauseit looked like their own handwriting.
Onesubjectcommented,“I love it. I felt mostcomfortablewrit-
ing fastandreadingmy handwriting. In otherwords,I didn't feel
judgedby my badhandwriting.” SubjectsalsostatedthatAdjusted
madeit easierto �x errorsandwas lessdistractingthanTypeset.
Of the 25% of the commentsthat were negative, the majority of
themwereaboutdecreasedreadabilitywith Adjustedandageneral
dislike of the ink font. Examiningthe experimentvideosshowed
that thosesubjectswho disliked the ink font hadhandwriting that
differedsigni�cantly from theink font weused.

For LargeOffset,33%of thecommentswerepositive. Subjects
notedthat they like the offset natureof the techniqueand that it
waseasyto �x errorswhenusingit. 12%of thecommentson this
techniquewere neutral. Subjects either notedit was “usable” or
“okay” indicating therewasno real preferencefor the technique.
Theremainingcomments(55%)werenegative towardLarge. The

Typeset Adjusted

SmallLarge
Overall  experience: z = -2.57, p < 0.0125
Lack of distraction: z = -3.04, p < 0.008
Screen usage: z = -2.93, -2.81; p < 0.008, 0.0167
Lack of frustration: z = -2.84, p < 0.01
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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 thesecommentsfocusedon thefont beingtoo largeor
the techniquetakingup too muchspace.Subjectalsocommented
thatthelargefont sizemadethetechniquedistracting.

For SmallOffset,77.5%of thecommentswerepositive. A ma-
jority of thecommentsnotedtheef�cient useof screenspacewith
this techniqueandseveralsubjectsliked thesmall font. A smaller
font for displayingrecognitionresultsuseslessscreenspace,so
subjectsappearto like the result of having a smaller font rather
thanhaving the smallerfont itself. Several subjectsalso saidthe
techniquewasgood in generalterms. Of the negative comments
(22.5%),thereweresubjectswhodid notlikethesmallfont, saying
it waslegible,but notaseasyto readasLarge.

Finally, whenaskedto commenton thereal-timefeedbackfrom
thetechniques,approximately33%of thesubjectsfelt thefeedback
wasuseful,readable,andnot distracting.However, themajority of
thesubjectsfelt that,in many cases,thefeedbackwasdistractingat
timesandthat the real-timeapproachis usefuldependingon what
techniqueis employed. Given the distribution of the results,real-
time feedbackseemsto havebothadvantagesanddisadvantages.

6 DISCUSSION

Theresultsof our experimentsuggestthata numberof theconjec-
turesmadeon the effectivenessandtradeoffs of eachrecognition
visualizationtechniquearecorrect.For Typesetin Place,thetech-
nique was, indeed,the slowest one to use,and subjectsdid �nd
it to be distracting,which causedhigh levels of frustration. How-
ever, subjects did not �nd the techniqueto be any morereadable
thanLargeOffset, for example. In addition,contraryto our origi-
nal conjecture,Typesetin Placewasnot preferredover Large and
SmallOffsetwhendealingwith multipleandlongexpressions.We
expectthis is dueto subjectstakingsolongto 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.

tasksusingTypesetIn Place.Despiteall of theseproblems,our in-
tuition is that thereis somecreative changethat canbe madethat
would lessentheimpactof recognitionerrors.

For Large Offset, the techniquewas, as expected,ranked as
highly readableandhighly distractingto subjects.Even with this
high level of distraction,subjectsdid �nd thetechniqueto bemore
helpful in avoidingandcorrectingerrorsthanTypesetin Place.This
indicatesthat distractionlevel may have contributedmoreto sub-
jectsoverall techniquepreference.

Although Adjusted Ink shows many bene�ts over Typesetin
Placeand Large Offset in the �gures, it shows no bene�ts over
Small Offset, and is likely to be worsein somecases,dueto the
ambiguityof its parsefeedback.Theremaybebene�ts to its aes-
thetic look andfeel, but from a functionalperspective we believe
SmallOffsetis abetterchoice.

SmallOffsetperformedworsewith long expressions,consistent
with our expectations,which canbe partly attributed to the need
to scroll thoseexpressionsto seethe typesetoutput. However, as
you canseein Figure6, therearemany otherbene�ts to this tech-
niquewhichoutweighthatproblemin general.SmallOffsetcanbe
improved even further by changingit to alwaysbe on the screen,
despitescrolling,andusinga largerfont sizefor readability.

Thetrendsvisible in ourResultssectionareconsistent,with one
exception. Together, they indicatea clearoverall trendthat ranks
Small Offset and AdjustedInk as the best techniquesand Large
Offset andTypesetin Placeasthe worst techniques.The oneex-
ceptionto this trendis thatLargeOffset seemsto performdispro-
portionatelywell andSmall Offset disproportionatelypoorly with
Longexpressions.

7 FUTURE WORK

Sincenearlyhalf thesubjectspreferredAdjustedInk themost,and
becausewestill observedpeoplemissingerrorsusingSmallOffset,
suchasa z substitutedfor a 2 or a sloppy exponentinterpretedas
a sibling, we expectimprovementsarestill possible.For instance,
combiningSmallOffsetwith AdjustedInk , or furtherimprovement
to AdjustedInk, might resultin aconsensusbesttechnique.

Ratherthan just studyingthe visualizationtechniquesin isola-
tion, we believe it will bevaluableto gain a deeperunderstanding
of theinteractionbetweeneditingandvisualizationtechniques.For
instance,many peopleinstinctively try to edit thetypesetfeedback
ratherthantheink, evenwhenthey alreadyknow thesystemdoesn't
allow that. In addition,therearefurther opportunitiesto enhance
visualizationsto cover semanticconceptsratherthan just syntax.
Theremay be waysto make Typesetin Placework betteror �nd

contexts whereit alreadyworksbetter;Thimbleby[11] presentsa
calculatorusing a techniquevery similar to Typesetin Placebut
which to usseemsto performacceptablyin thelimited context the
calculatorprovides.

8 CONCLUSION

Wehavepresentedanexperimentalstudyonfour differentrecogni-
tion visualizationtechniques,Typesetin Place,AdjustedInk, Large
Offset,andSmallOffset. Thegoalof this studywasto determine
how effectiveeachtechniqueis in assistingusersin identifyingand
correctingrecognitionmistakesunderdifferenttypesandquantities
of mathematicalexpressions.Usingtaskcompletiontimeandpref-
erenceinformationfrom a post-questionnaire,we found that sub-
jectsgenerallypreferAdjustedInk 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 SmallOffset.
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