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ABSTRACT
Endusersdevelopmoresoftwarethanany othergroupof program-
mers,usingsoftwareauthoringdevicessuchase-mail �ltering ed-
itors, by-demonstrationmacrobuilders,andspreadsheetenviron-
ments.Despitethis, therehasbeenlittle researchon �nding ways
to help theseprogrammerswith the dependabilityof their soft-
ware. We have beenaddressingthis problemin severalways,one
of whichincludessupportingend-userdebuggingactivitiesthrough
fault localizationtechniques.This paperpresentstheresultsof an
empirical study conductedin an end-userprogrammingenviron-
mentto examinethe impactof two separatefactorsin fault local-
ization techniquesthat affect techniqueeffectiveness.Our results
shednew insights into fault localizationtechniquesfor end-user
programmersandthe factorsthataffect them,with signi�cant im-
plicationsfor theevaluationof thosetechniques.

Categoriesand SubjectDescriptors
D.2.5 [Software Engineering]: TestingandDebugging—debug-
ging aids,testingtools; D.2.6 [Software Engineering]: Program-
ming Environments—interactive environments; H.4.1 [Inf orma-
tion SystemsApplications]: Of�ce Automation—spreadsheets

GeneralTerms
Experimentation,Veri�cation

Keywords
fault localization,debugging,end-usersoftwareengineering,end-
userprogramming

1. INTRODUCTION
A quietparadigmshift is occurringin theworld of software.Not

longago,mostsoftwarewasdevelopedby “professional”program-
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mers.Today, however, endusers writefar moresoftwarethanpro-
fessionalprogrammers:it is estimatedthat, in 2005in theUnited
Statesalone,55 million endusers,comparedto only 2.75million
professionalprogrammers[8], will be creatingsoftware suchas
multimediasimulations,dynamicwebpages,e-mail�ltering rules,
andspreadsheets.

Do theseprogrammershave adequatesupport? Evidencesug-
geststhat they do not. BoehmandBasili observe that40–50%of
the software createdby end userscontainsnon-trivial faults [9].
Thesefaultscanbeserious,in somecasescostingmillions of dol-
lars[14, 20,24].

A problemfor the softwareengineeringcommunity, then,is to
provide enduserswith bettersupportfor their softwaredevelop-
mentactivities. For example,endusers,likeprofessionalprogram-
mers,needstrategiesfor improving thedependabilityof their soft-
ware,suchastestingandanomalydetectionmethodologiesto help
themdetectfailures,andfault localizationtechniquesto helpthem
�nd thecausesof failures.Thelatteris our focusin thispaper.

Softwareengineeringresearchershave investedconsiderableef-
fort into bringingfault localizationtechniquesto professionalpro-
grammers(e.g., [2, 10, 13, 15, 17, 23,31]), and similar efforts,
directedat the needsof end users,could be worthwhile. How-
ever, signi�cant differencesexist betweenprofessionaland end-
usersoftware development,and thesedifferenceshave rami�ca-
tionsfor any suchefforts.

First, endusersrarely have knowledgeof softwareengineering
methodologies,andareunlikely to take thetime to acquireit. Tra-
ditional fault localizationtechniquesoftenassumethat their users
have at leastsomeknowledgeof softwareengineeringin orderto
properlyemploy thetechniqueor understandits feedback.(As re-
search[7, 12] explains,understandingis critical to trust,which in
turn is critical to usersactuallybelieving asystem'soutputandact-
ing uponit.) Suchtechniquesmaybeunsuitablefor endusers.

Second,end-userprogrammingenvironmentsareusuallymode-
lessandinteractive: usersincrementallyexperimentwith theirsoft-
ware and seehow the resultswork out after eachchange. Fault
localizationtechniquesthatrely on batchprocessing(e.g.,[2]) are
inconsistentorevenincompatiblewith thesetypesof environments.

Third, endusersdo not usuallypossessorganizedtestsuites,so
largeamountsof testing-deriveddataarerarelyavailablefor usein
end-userenvironments.Complicatingthe situationis the interac-
tive natureof end-userdebugging: whenendusersobserve afail-
ure they often begin debuggingimmediately— not after running
several tests— at which time thesystemmayhave little informa-
tionwith whichtoprovidefeedback.Thus,afaultlocalizationtech-
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niquethat requireslargeamountsof data(e.g.,[15]) maybeinap-
propriatefor endusers.

Fourth,evidenceshowsthatendusersoftenmakemistakeswhen
performinginteractive testingand debuggingtasks[27]. (Profes-
sionalprogrammerserr too, of course,but their understandingof
testingprocessesmayrenderthemlesserror-pronethanendusers.)
Unfortunately, many fault localizationtechniques(e.g.,[17]) can-
notoperateeffectively with suchunreliableinformation.

We have beenworking to bring fault localizationsupportto end
usersin waysthataccommodatetheforegoingconsiderations.Our
previouswork [26, 27] shows that this supportcanhelpendusers
�nd faults by leadingthem to employ more effective debugging
strategies.However, our resultsalsoshow that,at times,somefault
localizationtechniquesarenot effective. Analysisof the casesin
which the techniquesarenot effective suggeststhat thereare ac-
tually two distinct factors involved in techniquedesignthat could
be impactingtheir performance.The �rst factor — information
base— refersto thetypeof informationmaintainedby atechnique
andis commonlythesubjectof the researchliteratureon fault lo-
calization. The secondfactor— mapping— refersto the way in
which a techniquemapsthe informationinto feedback,including
both the calculationof this feedbackusing the information pro-
vided by the information base,and displayingthe feedbackin a
mannerthat is compatiblewith thesurroundingenvironment.Sur-
prisingly, comparedto the information basefactor, this mapping
factorhasreceived scantattentionin the researchliterature. Fur-
ther, in our searchof the literaturewe can�nd no previous work
thathasseparatedthe impactof thesetwo factorson a fault local-
izationtechnique's effectiveness.

This work makes four contributions. First, we empirically in-
vestigatethe impactof both informationbaseandmappingon the
effectivenessof fault localizationtechniques.Our resultsindicate
thateachfactorsigni�cantly impactseffectiveness;thus,bothmust
beconsideredwhendevelopingfault localizationtechniques.Sec-
ond,weaddto theend-usersoftwareengineeringliteratureby pro-
viding empirical dataon threeinformation basesand threemap-
pings that can be usedin techniquesfor end-userprogrammers.
Third, we provide insightsinto the way in which interactive fault
localizationeffectivenessshouldbemeasured— insightsthathave
implicationsfor future empiricalevaluationsof end-userfault lo-
calizationtechniques.Fourth,we addto the growing body of ev-
idencethat endusersmake mistakeswhenperforminginteractive
testingand debuggingtasks,which hasimplicationsfor the types
of techniquesthatmaybesuitablefor end-userprogrammers.

2. BACKGROUND: WYSIWYT
Our fault localizationtechniquesareprototypedin the spread-

sheetparadigmin conjunctionwith our “What You SeeIs What
YouTest”(WYSIWYT) testingmethodology[25], whichwebrie�y
describehere. Figure 1 presentsan example of WYSIWYT in
Forms/3[11], aspreadsheetlanguageutilizing “free-�oating” cells
in additionto traditionalspreadsheetgrids. WYSIWYT' s underly-
ing assumptionis that,asa userincrementallydevelopsa spread-
sheet,heor sheis alsotestingincrementally. Becausetheintended
audienceis endusers,all communicationis performedthroughvi-
sualdevices. In WYSIWYT, untestedcells thathave non-constant
formulasaregiven a red border(light gray in this paper). (Cells
whoseformulasaresimply constantsdo not participatein WYSI-
WYT devices,sincetheassumptionis that they do not needto be
tested.) The bordersof suchcells remainred until they become
more“tested”.

For cells to becomemoretested,testsmustoccur. Thesetests
canoccurat anytime — intermingledwith formulaedits,formula
additions,andsoon. Theprocessis asfollows. Whenever a user
noticesacorrectvalue,heor shecanplaceacheckmark(

p
) in the

decisionbox at the cornerof the cell observed to be correct: this
testingdecisioncompletesasuccessful“test”. Checkmarkscanin-
creasethe“testedness”of cells,which is re�ectedby addingmore
blue to cell borders(moreblack in this paper).Further, becausea
correctvaluein acell c dependsonthecorrectnessof thecellscon-
tributing to c, thesecontributingcellsparticipatein c's test.WYSI-
WYT testednesscolorsre�ect theuseof a data�ow testadequacy
criterionthatmeasurestheinterrelationshipsin thesourcecodethat
havebeencoveredby theuser's tests.

In additionto thecell level, WYSIWYT providesuserfeedback
abouttestednessat two othergranularities.A “percenttestedness”
indicator provides testednessfeedbackat the spreadsheetgranu-
larity. Testednessfeedbackis alsoavailableat a �ner granularity
throughthecolorsof data�ow arrows, which canbeshown at the
cell level or at the subexpressionlevel. The systemalsoprovides
testednessfeedbackthroughanintelligentexplanationsystem[33],
implementedvia “on-demand”tooltips that displaythe testedness
of any speci�edcell or data�ow relationship.

3. ADDING FAULT LOCALIZA TION FOR
END USERS

Most fault localizationsupportattemptsto helpprogrammerslo-
catethe causesof failuresin two ways: (1) by indicating the ar-

Figure1: An exampleof WYSIWYT in Forms/3.
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Figure2: An exampleof fault localization in the Forms/3spreadsheetenvir onment.

easthatshouldbesearchedfor faults,therebyreducingthesearch
space; and(2) by indicatingtheareasmostlikely to containfaults,
therebyprioritizing thesequenceof thesearch throughthisspace.

In our prototype,WYSIWYT serves asa springboardfor fault
localization: insteadof noticing that a cell's value is correctand
placinga checkmark,a usermight noticethat a cell's valueis in-
correct(a failure) and placean “X-mark”. In Figure 2, the user
noticesanincorrectvaluein Exam Avg — thevalueis toohigh—
andplacesanX-mark in thecell'sdecisionbox.

X-markstriggera fault likelihoodcalculationfor eachcell (with
a non-constantformula) thatmight have contributedto thefailure.
Fault likelihood,updatedfor eachappropriatecell afterany testing
decisionor formulaedit, is representedby coloring the interior of
suspectcells in shadesof red(gray in this paper).This servesour
�rst goalof reducingtheuser'ssearchspace.As thefault likelihood
of acell increases,thesuspectcell is coloredin increasinglydarker
shadesof red(gray).Thedarkestcellsareestimatedto bethemost
likely to containthe fault, andarethebestcandidatesfor theuser
to considerin debugging; this servesour secondgoal of helping
endusersprioritize their search.(Thisapproachis generalizableto
paradigmsotherthanspreadsheets[27].)

Wehavepreviouslydevelopedthreetechniquesfor realizingthis
support[26], whichwebrie�y summarizehere.

� TestCount. Thetechniquewe term“TestCount” maintains,
for eachcell c, the numberof failed tests(i.e., X-marks)
and passedtests(i.e., checkmarks)in which c haspartici-
pated.Thesefailed testsincreasec's fault likelihood,while
thepassedtestsdecreasec'sfault likelihood.Of course,there
arevarying schemesthat sucha techniquecould useto de-
cidethedegreeto which failedandpassedtestsimpactfault
likelihoodfeedback;in this paper, theTestCountTechnique
usesthe schemefrom our previous work [26] in which two
passedtestswerenecessaryto counteractthe effectsof one
failed test. TARANTULA [15], a fault localizationtechnique
for traditionalprogramminglanguages,usesanapproachthat
is similar to ourTestCountTechnique.

� Blocking. The“Blocking Technique”includesnotonly failed
andpassedtests,but alsowhethertestsareblocked from a
cell c by one or more other tests. (A test t1 can “block”
anothertestt2 from affecting the fault likelihoodof c if all

data�ow from c to the cell in which the t2 testingdecision
wasmadegoesthroughthe cell in which the t 1 testingde-
cisionwasmade.)This is accomplishedby maintaining,for
eachcell c, (1) information on the teststo which that cell
contributes,and(2) data�ow informationto determinewhich
of thosetestsareblockedandunblocked from thecell. Un-
like in the TestCountTechnique,only the failed teststhat
are not blocked from c increasec's fault likelihood, while
only thepassedteststhatarenotblockedfrom c decreasec's
fault likelihood. As with TestCount,therearemany possi-
ble schemesto control the impactof failedandpassedtests
onfault likelihoodfeedback.TheBlockingTechniquein this
paperusestheschemefrom our previouswork [26] that re-
quiredtwo passedteststo counteracttheeffectsof onefailed
test.Programdicing [17] usesanapproachthat is similar to
ourBlockingTechnique.

� NearestConsumers. We designedthe “NearestConsumers
Technique”to bealow-costalternative to theothertwo tech-
niques,whosemaintenanceof all testing history for each
spreadsheetcell maycomeat too greata costasspreadsheet
sizeincreases.NearestConsumersis agreedytechniquethat
considersonly the direct consumers of a cell c (i.e., those
cellsconnectedwith c directlyby adata�ow edge).Thefault
likelihoodof c is �rst estimatedby computingthe average
fault likelihood of c's direct consumers(if any). This av-
eragefault likelihood is thenadjustedbasedon the current
testingdecisionsfor c andc's direct consumers.Thepossi-
bleadjustmentsaredescribedin detailin previouswork [26].
To summarizetheseadjustments,thefault likelihoodof c in-
creasesif c or c'sdirectconsumerscontainsuf�ciently more
failed teststhan passedtestsusing a set of de�ned thresh-
olds [26] — the motivation being that areasin the spread-
sheetshowing many failures(failedtests)aremorelikely to
containfaults. Similarly, the fault likelihoodof c decreases
if c or c's directconsumerscontainsuf�ciently morepassed
teststhanfailedtestsusinga setof de�ned thresholds— the
motivationbeingthatareasin thespreadsheetshowing many
successes(passedtests)arelesslikely to containfaults.This
“discount” techniqueis moremodestthanmostother fault
localizationtechniquesdescribedin theliterature.
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Ourpreviousempiricalwork [26,27] showsthatthesethreefault
localizationtechniquescanprovide feedbackthat is usefulto end
users.However, the work alsosuggeststhat two separatefactors,
oneof whoseimpacton fault localizationhasnot beenstudiedbe-
fore,might impacttechniqueeffectiveness.Thispaperinvestigates
thispossibility.

4. EXPERIMENT
Any fault localizationapproachthat includessomeform of re-

portingor feedbackto ahumaninvolvestwo factors:

� InformationBase: To supportthe behavior of a fault local-
izationtechnique,informationmustbestoredandmaintained
eitherby the techniqueor by the surroundingenvironment.
To abstractaway implementationor algorithmicdetailssuch
asdatastructures,we usethis term to referonly to the type
of informationusedandthecircumstancesunderwhich it is
maintained.

� Mapping: Mappingstransforminformationbasesinto fault
localizationfeedback.Thistransformationinvolvesbothcal-
culatinga cell's fault likelihoodusing the informationpro-
vided by the information base,and then transformingthat
calculationinto appropriatefeedbackfor theuserin amanner
thatis consistentwith thegoalsof thetechniqueandcompat-
ible with thesurroundingenvironment.

For example,TARANTULA [15] usesa setof failed andpassed
tests,andcoverageinformationindicatingtheprogrampointscon-
tributing to eachtest,asits informationbase.Its mappingusesthis
informationto calculate(1) a color representingeachstatement's
participationin testing,and(2) the technique's con�dencein the
correctnessof eachcolor. (TARANTULA colorsstatementsbecause
thesetypesof visualizationsare compatiblewith the technique's
surroundingenvironment.)

To gain insightinto theimportanceof eachfactor, we investigate
thefollowing researchquestionsfor end-userfault localization:

RQ1: Do differencesin informationbasesimpacteffectiveness?
RQ2: Do differencesin mappingsimpacteffectiveness?
RQ3: Doesinaccurateinformation impact information basesand

effectiveness?

Onereasonto investigateRQ1is that fault localizationresearch
oftenfocusesoninformationbases.If thisfactoraffectstechniques'
effectivenessin interactive programmingenvironments,then end
usersmay bene�t from researchthat focuseson professionalpro-
grammers.

Previousfault localizationresearchoftenevaluatestechniquesas
a whole,without consideringthespeci�c factorsthatcontributeto
observed results. We devisedRQ2 becausewe suspectthat map-
ping alone could be animportant factor in determininga tech-
nique'seffectiveness.

Our third researchquestionwasinspiredby the unreliability in
interactiveend-usertestingthatwehaveseenin previousempirical
work [27]. Thisquestionfocusesoninformationbasesbecauseit is
speci�cally theinformationbasethatis corruptedby suchmistakes.

4.1 Design
In formulatingour experiment,we consideredthreemethodolo-

giesfor gatheringsourcesof data.The�rst methodologyinvolves
following theclassichuman-subjectsapproach:gatherparticipants
for theninepossiblemappingandinformationbasecombinations
andcompareeffectivenessacrossgroups. This methodologyhas

theadvantageof eliciting testsuitesfrom realendusers,but it has
two drawbacks.First,for properstatisticalcomparison,it wouldre-
quireaninordinatelylargenumberof subjects.Second,sinceeach
techniquewouldbegivendifferenttestingactions,it wouldbevery
dif�cult to control for the fact thatdifferencesin testsuitesmight
causedifferencesin results.

The secondmethodologyinvolvesfollowing a classictestsuite
generationapproach:generatehypotheticaltestsuitesaccordingto
somecriterion,andselect(randomlyor accordingto othercriteria)
testsfrom thesetestsuitesto simulateendusers'testingactions.A
drawbackof this approachis that thetestsuitesthuscreatedcould
not betied to our ultimateusers,andmaynot berepresentative of
realend-usertestingactions.

The third methodologyinvolvesobtainingtestingactionsfrom
realendusers,andthenuniformly applyingtheseactionsacrossall
informationbaseandmappingcombinations.This third method-
ology avoids the drawback of requiring an inordinatenumberof
subjects.It alsohastheadvantagesof usingtestingactionsrepre-
sentative of thoseperformedby real endusers,andof measuring
eachtechnique'sability to provide feedbackgiventhesametesting
actions. This latter advantageavoids confoundingdiffering tech-
niqueswith differing testsuites.

We thuschosethethird methodology. We obtainedtherequired
testingactionsfrom 20 end-userparticipants: 18 undergraduate
studentsandtwo graduatestudentsfrom Oregon StateUniversity
without personalor professionalprogrammingexperience. The
testsuites,asde�ned by thetestingactionsthat theendusersper-
formed,werethusthe“subjects”of ourexperiment.

4.2 Materials
Theexperimentutilizedtwospreadsheettasks,Gradebook and

Payroll (shown in Figures2 and3, respectively). To make our
spreadsheetsrepresentativeof realend-userspreadsheets,Grade-
book wasderived from anExcelspreadsheetof an(end-user)in-
structor, which we portedinto anequivalentForms/3spreadsheet.
Payroll wasaspreadsheetdesignedby two Forms/3researchers
from apayroll descriptionfrom arealcompany.

Thesespreadsheetswereseededwith � ve faultscreatedby real
endusers.To obtainthesefaults,we provided threeseparateend
userswith (1) a“template”spreadsheetfor eachtaskwith cellsand
cell names,but nocell formulas;and(2) adescriptionof how each
spreadsheetshouldwork,whichincludedsamplevaluesandcorrect
resultsfor somecells. Eachpersonwasgivenasmuchtime ashe
or sheneededto designthespreadsheetusingthesematerials.

From the collection of faults left by the end users,we chose
� ve that provided coverageof the categories in Panko's classi�-
cationsystem[21], which is basedonAll wood'sclassi�cationsys-
tem [4]. UnderPanko's system,mechanicalfaultsincludesimple
typographicalerrorsor wrong cell references.Logical faultsare
mistakesin reasoningandaremoredif�cult to detectandcorrect
thanmechanicalfaults. An omissionfault is informationthat has
never beenenteredinto a cell formula,andis themostdif�cult to
detect[21]. We seededGradebook with threemechanicalfaults,
onelogical fault, and oneomissionfault, andPayroll with two
mechanicalfaults,two logical faults,and oneomissionfault. Pay-
roll wasintendedto be themoredif�cult spreadsheetdueto its
largersize,greaterlevel of data�ow andintertwineddata�ow rela-
tionships,andmoredif�cult faults.

4.3 DependentVariable and Measures
As adependentvariable,werequireameasureof afault localiza-

tion technique's effectiveness.Many suchmeasuresarepossible.
In this experiment,our goal is to studytheability of techniquesto
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Figure3: The Payroll task.

point out faultsby applyingidentical testsuitesuniformly. Thus,
we de�ne effectivenessasa technique's ability to correctlyandvi-
sually differentiatethe correctcells in a spreadsheetfrom those
cellsthatactuallycontainfaults.

Using this notion, we choseto measureeffectivenessin terms
of the visual separation betweenthe faulty cells and the correct
cells of eachspreadsheet.Our previous work [27] indicatedthat
usersusually restrict their attentionduring debuggingonly to the
cells indicatedin the fault localizationfeedback(i.e., the colored
cells). Given this �nding, in this experiment,we decidedto focus
ourmeasureonly on thecellscoloredby thetechnique.

Let FaultyCells(AvgFL) be the averagefault likelihood of col-
ored faulty cells. Let CorrectCells(AvgFL) be the averagefault
likelihood of coloredcorrectcells. The formula to calculateef-
fectivenessaccordingto thismeasureis then:

E f f = F aul tyCells(AvgF L ) � Corr ectCells(AvgF L )

Subtractionis usedinsteadof calculatinga ratio becausethecolor
choicesform anordinal,not a ratio,scale.Positive effectivenessis
preferable,anda greatereffectivenessimplies a betterdistinction
betweenfaultyandnon-faulty cells.

4.4 Points of Evaluation
At what point shouldwe measureeffectiveness?Many tradi-

tional techniquesreport feedbackonly at the endof a batchpro-
cessingof information. This point of maximalsystemreasoning
potential— when the systemhas its best (and only) chanceof
producingcorrectfeedback— is thereforetheappropriatepoint at
which to measuretheeffectivenessof thesetechniques.Giventhe
interactive natureof end-userenvironments,however, debugging,
andthereforefault localizationuse,occurnot justat theendof test-
ing, but throughoutthe testingprocess.Measuringeffectiveness
only at theendof testingwould thusignoremostof the reporting
beingdoneby theinteractive technique.

In principle, we could measureeffectivenessat eachpoint at
which a userreceivesfeedback.However, it is not statisticallyvi-
ableto utilize every suchpoint, becausemany will not bereached
by numbersof userssuf�cient to supportcomparisons.Therefore,
we electedto measureeffectivenessat just thefollowing feedback
points:

� First X-mark.Whenafailureis �rst reportedby users(in our
environment,signaledby an X-mark), they immediatelyre-
ceive fault localizationfeedback.Wetermthis thebeginning
of adebuggingsession. (X-marksinitiatesuchsessionsonly

when no other sessionis alreadyin progress.) This point
marksthe �rst opportunityfor techniquesto provide feed-
back.

� SecondX-mark. The secondX-mark's computationsare
basedon more information than the �rst X-mark, so mea-
suringat this point helpsusgaugeeffectivenesstrendsover
time. (In principle, third X-marks, fourth X-marks,andso
on couldalsobeused,but theparticipantsin our experiment
kepttheir debuggingincremental,with almostall debugging
sessionsinvolving two or fewerX-marks.)

� Last Test. Whenusers�nd the causeof a failure (a fault),
they often immediatelytry to �x it. This point includesat
leastoneX-mark andany numberof checkmarks,andde-
notestheendof adebuggingsession.As such,it is thepoint
at which techniqueshave the most informationavailableto
them.Oncea usereditsthe“sourcecode”(formula),down-
streamfault localizationinformationbecomesobsolete,and
is discarded.

Weemphasizethattheneedto evaluateeffectivenessatmultiple
pointsis not speci�c to our particularexperiment.Rather, we rec-
ommendthat any interactive fault localizationtechniquebe eval-
uatedon the basisof multiple feedbackpointsbecauseotherwise
importantdatareportedby thetechniquemaybeoverlooked.

4.5 Inf ormation Basesand Mappings
The informationbaseandmappingfactorsin fault localization

techniqueshave not beenpreviously isolated. To learn whether
eachfactorsigni�cantly impactstechniqueeffectiveness,whilealso
providing dataon techniquesin the literature,we usedthe infor-
mation basesand mappingsof the threetechniquesdescribedin
Section3.

As describedearlier, theinformationbasefactorof a fault local-
ization techniqueis responsiblesolely for storingandmaintaining
theinformationrequiredby thetechniquein orderto provide fault
localizationfeedback.Wenow describethethreeinformationbases
of ourown techniques.

� TestCount(I-TC ). This technique's informationbasemain-
tains, for eachcell c, the setof failed andpassedteststhat
dynamicallyexecutec. Thesizeof I-TC growswith respect
to bothspreadsheetandtestsuitesize.

� Blocking (I-BL ). Therearetwo aspectsto this information
base. Like I-TC , I-BL maintainsa list of all failed and
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passedtestsfor eachcell. However, to achieve the “block-
ing” behavior describedin Section3, I-BL alsotracksthe
data�ow relationshipsbetweeneachcell, usingthis informa-
tion to allow tests,undercertaincircumstances,to “block”
othertestsfrom reachingcertaincells. Notethatunlike pro-
gram dicing [17], “blocking” doesnot completelyremove
cells from a programslice, as would dicing, becauseevi-
dence[27] indicatesthatusersoccasionallymake erroneous
testingdecisions,andsuchdecisionscouldcausetheremoval
of a cell thatactuallycontainsa fault. (Ratherthanbeingre-
moved from theprogramslice,suchcellsarelaterassigned
a “minimal fault likelihood”.) Becauseof theoverheadnec-
essaryto track data�ow andblocking information,I-BL is
morecomputationallyexpensive thanI-TC .

� NearestConsumers (I-NC ). Ratherthanmaintaininga his-
tory of all previoustestingdecisions,asdo theprevioustwo
information bases,the I-NC information basetracksonly
(1) the fault likelihoodof eachcell in the spreadsheetprior
to anew testingdecision,and(2) thecurrenttestingdecision
for eachcell affectedbythecurrenttestcase(i.e., thecurrent
setof input values),including that currenttestcase. Since
eachof thesecomponentsrequiresonly constantspacefor
eachcell in thespreadsheet,theinformationbasegrowswith
respectto spreadsheetsizeonly, andis thereforetheleastex-
pensiveof thethree.

Becausethecontext of our experimentis interactivefault local-
ization, eachof theseinformation basesis immediatelyupdated
whenever any actionis takenby a userthataffectsthecontentsof
thebase,potentiallyinterferingwith theenvironment's interactiv-
ity. Onereasonto comparetheseinformationbases,then,is to learn
whethera modestinformationbasesuchasI-NC cancompetein
effectivenesswith theothertwo moreexpensive informationbases.

Themappingfactorusestheinformationstoredby theinforma-
tion baseto calculateanddisplayfault localizationfeedback.We
now describethethreemappingsof ourown threetechniques.

� Test Count (M-TC). This technique's mappingincreasesa
cell c's fault likelihoodfor eachfailedtestthatc contributed
to, and decreasesc's fault likelihood for passedtestsin a
mannersuchthat two passedtestscounteractthe effectsof
onefailedtest.Themappingusesthesetof failedandpassed
testsfor eachcell to increasethefault likelihoodof cellscon-
tributing to many failed tests,anddecreasethe fault likeli-
hoodof cellscontributing to many passedtests,asdescribed
in Section3. It hasthecharacteristicof mappinginformation
basesto four possiblefault likelihoodvalues,andbeginsby
assigningc the lowest fault likelihood if it contributesto a
singlefailure (X-mark), therebyallowing fault likelihoodto
build with furtherfailures.

� Blocking (M-BL). This mappingis similar to M-TC, except
that it considersonly the failedandpassedteststhatarenot
blocked,asthosearetheonly testsprovidedto themapping
by the I-BL informationbase. It alsosupports� ve, rather
than four, fault likelihood values,and begins by assigning
c the secondlowest fault likelihood value so as to be able
to build acell's fault likelihoodvalueasthenumberof failed
testsincreases,andalsoreducefault likelihoodasthenumber
of passedtestsor blockedfailedtestsincreases.

� NearestConsumers(M-NC). Thismappingusestheinforma-
tion regardingthefault likelihoodof eachcell to computethe
averagefault likelihoodof c's direct consumers.It usesthe

currenttestingdecisionfor eachcell to adjustthiscalculated
meanif c andc's directconsumerscontainsuf�ciently more
passedteststhanfailedtests,or suf�ciently morefailedtests
thanpassedtests[26]. It alsosupports� ve fault likelihood
values,andbegins by assigningc the third fault likelihood
valueso asto make it viable to both increaseanddecrease
fault likelihoodvaluesasc's direct consumers'fault likeli-
hoodvaluesincreaseanddecrease.

Eachof thesethreemappingsexpectsa certaintypeof informa-
tion, andhasattributesdevelopedspeci�cally to handlethat infor-
mation. For example,theM-NCmappingexpectsthecurrentfault
likelihoodof cells in orderto computetheaveragefault likelihood
of eachcell c'sdirectconsumers.Suchattributesmustbecharacter-
istic of any mappingthatis leveragingtheI-NC informationbase.
Therefore,without consideringthe attributesthat “bind” a map-
ping to an informationbase,theessenceof thedifferencesamong
our threemappingsaretwo sharedcharacteristics:(1) thenumber
of possiblefault likelihoodvalues,and(2) an “initial” valueused
to startassigningfault likelihoodfeedback.As such,whenwerefer
to applyingamappingto aninformationbase,wereferto applying
only thesetwo characteristicsof onemappingto anotherto create
an entirely new mappingfor that technique. We do not attempt
to teaseapartthe in�uencesof thesetwo characteristics,but sim-
ply considerthemtogetherto learnwhetherchangingthemapping
factorof a techniquecansigni�cantly impact that technique's ef-
fectiveness.

Sincethe testingactionsto be uniformly appliedacrosstech-
niqueshadto includefault localizationuse,sometechniquehadto
be incorporatedinto theenvironmentfor participantuse. Because
of theirsuccessesin earlierempiricalwork [26, 27],wechoseto in-
corporatetheI-TC informationbasewith theM-BL mappinginto
theenvironment.

4.6 Procedure
After completinga backgroundquestionnaire,participantswere

givena tutorial to familiarizethemwith theenvironment. The tu-
torial taught the useof WYSIWYT (checkmarksand associated
feedback),but did not includedebuggingor testingstrategy con-
tent.Wealsodid notteachtheuseof fault localization;rather, par-
ticipantswereintroducedto themechanicsof placingX-marksand
given time to explore any aspectsof the feedbackthat they found
interesting.

After thetutorial, participantsweregiventhetwo taskswith in-
structionsto testthespreadsheetsandcorrectany errorsfound,sup-
portedby I-TC andM-BL. The experimentwascounterbalanced
with respectto taskordersoasto distributelearningeffectsevenly.
Thetasksnecessarilyinvolvedtime limits — setat 20 minutesfor
Gradebook and30 minutesfor Payroll — to ensurepartici-
pantsworkedon bothtasks,andto remove possiblepeerin�uence
of someparticipantsleaving early. To obtaintheparticipants'test-
ing actions,theactionsby eachparticipantwererecordedinto elec-
tronic transcripts.

4.7 Thr eatsto Validity
Any controlledexperimentis subjectto threatsto validity, and

thesemustbe consideredin order to assessthe meaningand im-
pactof results.(Wohlin et al. [34] provide a generaldiscussionof
validity evaluationanda threatsclassi�cation.)

Threatsto internalvalidity areotherfactorsthatmayberespon-
siblefor our results.Thespeci�c faultsseededin aspreadsheetcan
affect fault localizationresults.To reducethis threat,we selected
faultsaccordingto Panko'sclassi�cationscheme[21] to ensurethat
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differenttypesof faultswereincluded.Also, asmentionedin Sec-
tion 4.5, to apply the sametest suitesuniformly acrossall tech-
niques,wehadto obtainsuitesusingasingleinformationbaseand
mapping. It is possiblethat the testsuitescreatedby participants
would have varied in responseto fault localizationfeedbackhad
a different information baseor mappingbeenchosen. However,
had we chosena designthat allowed for varying testingactions,
wewouldhave riskedconfoundingtheindependentvariable— in-
formationbaseor mappingselection— with a secondvariableof
varyingsuites.

Threatsto constructvalidity questionwhetherthe resultsof an
experimentarebasedonappropriateinformation.Oureffectiveness
metricconsidersonly thecellscoloredby atechnique.Thisignores
searchspacesize(i.e., the numberof coloredcells) becausecells
that arenot visually coloredarenot consideredby the metric. To
consideran alternative metric, we cross-checked our resultswith
the metric usedin our previous work [26] (which doesconsider
searchspacesize)andfound the sametrendsandresults. (We do
not reporttheseresultsdueto spaceconstraints.)

Threatsto externalvalidity limit theextent to which resultscan
be generalized.To increasethe representativenessof our spread-
sheets,we selected“real-world” spreadsheetsfrom a realend-user
instructorand a real payroll description. Our spreadsheetswere
alsomoderatein sizein orderto allow subjectsto make progress
in thetaskin theallottedtime. In thefuture,casestudiescouldbe
conductedwith largerspreadsheetssothatparticipantscouldwork
throughlargertasks,andnotbefacedwith thetimeconstraintsthat
werenecessarilyimposedon this experiment.Also, the ability to
generalizeourresultsmayalsobelimited by ourselectionof faults.
To limit this threatwe attemptedto seedrealistic faultsusingthe
proceduresoutlined in Section4.2. Finally, our experimentwas
conductedin the Forms/3researchlanguage[11]; however, end
usersmay debug differently in a different language.All of these
externalvalidity concernscanbeaddressedonly throughrepeated
studies,usingdifferentspreadsheets,faults,andlanguages.

5. RESULTS

5.1 RQ1: Inf ormation Base
To investigatethe differentinformationbases'impacton effec-

tivenessindependentof themappingfactor, wecomparedtheinfor-

mationbases'effectivenessthreetimes,onceundereachmapping.
The comparisonswere doneat eachfeedbackpoint describedin
Section4.4.

As a statisticalvehiclefor our analyses,we statethe following
(null) hypotheses:

H1: Thereis nodifferencein effectivenessamongthethreeinfor-
mationbaseswith theM-TC mapping.

H2: Thereis nodifferencein effectivenessamongthethreeinfor-
mationbaseswith theM-BL mapping.

H3: Thereis nodifferencein effectivenessamongthethreeinfor-
mationbaseswith theM-NCmapping.

Tables1(a)–1(c)show the results. We usedthe Friedmantest
[29] to statisticallyanalyzethe data. This test is an alternative to
therepeatedmeasuresANOVA whentheassumptionof normality
or equalityis not met. (We did not run Friedmantestson theSec-
ondX-mark datadueto thesmallsamplesizes.)Table1(a)shows
no signi�cant differencesin informationbaseeffectivenessat the
0.05 level underuseof the M-TC mapping,so H1 cannotbe re-
jected.However, Table1(b) shows marginal signi�cance(0.10)at
the First X-mark for the Payroll taskand0.01signi�canceby
theLastTest.Differencesareevenmorepronouncedin Table1(c).
Therefore,we rejectH2 andH3.

5.2 RQ2: Mapping
How important is mappingaloneto effectiveness?Table 1 is

suggestive in this regard.To statisticallyconsiderwhetherthis fac-
tor hadasigni�cant impactoneffectiveness,weusedtheFriedman
testto comparethemappings'effectivenessundereachinformation
base.Thehypothesesin this casewere:

H4: Thereis nodifferencein effectivenessamongthethreemap-
pingswith theI-TC informationbase.

H5: Thereis nodifferencein effectivenessamongthethreemap-
pingswith theI-BL informationbase.

H6: Thereis nodifferencein effectivenessamongthethreemap-
pingswith theI-NC informationbase.

As Tables2(a)–2(c)show, thereweresigni�cant differencesin
effectivenessamongthedifferentmappings.Thedifferenceswere
almostalwayssigni�cant at the0.05level, andoftensigni�cant at
the0.01level. Clearly, H4, H5,andH6 mustall berejected.

First X-mark
I-TC I-BL I-NC

Gradebk (n = 18) 0.39 0.26 0.39
(p = 0:8948) (0.50) (0.62) (0.50)
Payroll (n = 13) 0.00 -0.17 0.04
(p = 0:1211) (0.00) (0.40) (0.08)

SecondX-mark
I-TC I-BL I-NC

Gradebk (n = 3) 0.00 0.16 0.00
(p = n=a ) (1.00) (0.76) (1.00)
Payroll (n = 5) 0.15 0.01 0.18
(p = n=a ) (0.46) (0.12) (0.49)

LastTest
I-TC I-BL I-NC

Gradebk (n = 18) -0.06 0.00 -0.04
(p = 0:4389) (0.54) (0.49) (0.51)
Payroll (n = 13) 0.13 -0.12 0.21
(p = 0:0608) (0.28) (0.48) (0.50)

(a) Informationbaseswith M-TC

First X-mark
I-TC I-BL I-NC

Gradebk (n = 18) 0.83 0.86 0.94
(p = 0:7165) (0.84) (1.00) (0.92)
Payroll (n = 13) 0.29 0.35 0.49
(p = 0:1000) (0.42) (0.33) (0.40)

SecondX-mark
I-TC I-BL I-NC

Gradebk (n = 3) 0.33 0.50 0.50
(p = n=a ) (2.08) (1.80) (1.80)
Payroll (n = 5) 0.37 0.36 0.56
(p = n=a ) (0.95) (0.60) (0.83)

LastTest
I-TC I-BL I-NC

Gradebk (n = 18) 0.26 0.33 0.38
(p = 0:4464) (1.12) (1.06) (1.03)
Payroll (n = 13) 0.30 0.60 0.77
(p = 0:0128) (0.60) (0.53) (0.66)

(b) Informationbaseswith M-BL

First X-mark
I-TC I-BL I-NC

Gradebk (n = 18) 1.14 1.39 1.50
(p = 0:0923) (1.32) (1.37) (1.39)
Payroll (n = 13) 0.69 0.54 0.93
(p = 0:0695) (0.78) (0.65) (0.80)

SecondX-mark
I-TC I-BL I-NC

Gradebk (n = 3) 0.50 0.83 1.00
(p = n=a ) (2.78) (2.57) (2.65)
Payroll (n = 5) 0.69 0.54 0.94
(p = n=a ) (1.17) (1.05) (1.22)

LastTest
I-TC I-BL I-NC

Gradebk (n = 18) 0.27 0.76 0.79
(p = 0:0022) (1.52) (1.48) (1.61)
Payroll (n = 13) 0.65 0.83 1.27
(p = 0:0199) (0.86) (0.88) (0.95)

(c) Informationbaseswith M-NC

Table 1: Isolating the information basefactor. The mean(standard deviation) effectivenesscomparing the threeinformation bases
with the samemapping are shown. The information basewith the greatestaverageeffectivenessis shown in bold. The “ p” denotes
p-valuesof the Friedman tests,and “ n” denotesthe number of subjectsmeasuredat eachpoint.
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First X-mark
M-TC M-BL M-NC

Gradebk (n = 18) 0.39 0.83 1.15
(p = 0:0031) (0.50) (0.84) (1.32)
Payroll (n = 13) 0.00 0.29 0.69
(p = 0:0060) (0.00) (0.42) (0.78)

SecondX-mark
M-TC M-BL M-NC

Gradebk (n = 3) 0.00 0.33 0.50
(p = n=a ) (1.00) (2.08) (2.78)
Payroll (n = 5) 0.15 0.37 0.69
(p = n=a ) (0.46) (0.95) (1.17)

LastTest
M-TC M-BL M-NC

Gradebk (n = 18) -0.06 0.26 0.27
(p = 0:1180) (0.54) (1.12) (1.52)
Payroll (n = 13) 0.13 0.30 0.65
(p = 0:1220) (0.28) (0.60) (0.86)

(a)Mappingswith I-TC

First X-mark
M-TC M-BL M-NC

Gradebk (n = 18) 0.26 0.86 1.39
(p = 0:0004) (0.62) (1.00) (1.37)
Payroll (n = 13) -0.17 0.35 0.54
(p = 0:0016) (0.40) (0.33) (0.65)

SecondX-mark
M-TC M-BL M-NC

Gradebk (n = 3) 0.16 0.50 0.83
(p = n=a ) (0.76) (1.80) (2.57)
Payroll (n = 5) 0.01 0.36 0.54
(p = n=a ) (0.12) (0.60) (1.05)

LastTest
M-TC M-BL M-NC

Gradebk (n = 18) 0.00 0.33 0.76
(p = 0:0424) (0.49) (1.06) (1.48)
Payroll (n = 13) -0.12 0.60 0.83
(p = 0:0001) (0.48) (0.53) (0.88)

(b) Mappingswith I-BL

First X-mark
M-TC M-BL M-NC

Gradebk (n = 18) 0.39 0.94 1.50
(p = 0:0001) (0.50) (0.92) (1.39)
Payroll (n = 13) 0.04 0.49 0.93
(p = 0:0005) (0.08) (0.40) (0.80)

SecondX-mark
M-TC M-BL M-NC

Gradebk (n = 3) 0.00 0.50 1.00
(p = n=a ) (1.00) (1.80) (2.65)
Payroll (n = 5) 0.18 0.56 0.94
(p = n=a ) (0.49) (0.83) (1.22)

LastTest
M-TC M-BL M-NC

Gradebk (n = 18) -0.04 0.38 0.79
(p = 0:0045) (0.51) (1.03) (1.61)
Payroll (n = 13) 0.21 0.77 1.27
(p = 0:0036) (0.50) (0.66) (0.95)

(c) Mappingswith I-NC

Table2: Isolating the mapping factor.

5.3 RQ3: Inaccurate Inf ormation
As our �rst step,to investigate the frequency of mistakes, we

countedthe numberof incorrect testingdecisionsmadein each
end-usertestsuite.In thecontext of our environment,this is either
aWYSIWYT checkmark(

p
) signifyingacorrectvalueandplaced

in a cell thatreally hasanincorrectvalue,or anX-mark signifying
an incorrectvalue(a failure) andplacedin a cell that really hasa
correctvalue. In theGradebook task,8.99%of thecheckmarks
and 5.95%of the X-marks were incorrect. This trendcontinued
in Payroll , where20.62%of thecheckmarksand3.33%of the
X-markswereincorrect.

Given that such mistakes corrupt information bases,how did
thesemistakes impact an information base's effect on effective-
ness?To investigatethis, we measuredeffectivenessat eachFirst
X-mark,SecondX-mark,andLastTestthatwasin thecontext of at
leastoneincorrecttestingdecision. We isolatedinformationbases
using the sameprocedureasSection5.1. The hypothesisin this
caseis:

H7: Thereisnodifferencein effectivenessamongtheinformation
baseswheninaccurateinformationis present.

Althoughwe rancomparisonsunderall threemappings,dueto
spaceconstraints,we show only measurementstaken under the
M-NCmapping,becauseM-NCwasthe superiormappingin Sec-
tion 5.2. (The informationbasesunderthe othermappingsshow
thesamegeneraltrend.)

As Table 3 shows, on the last testin debugging sessions,dif-
ferencesin eachinformationbase's effectivenessweremarginally
signi�cant for Payroll , and signi�cant (at the 0.01 level) for
Gradebook . Thus,we rejectH7.

6. DISCUSSION
The resultsregardingRQ1 showed that informationbaseoften

madea signi�cant differencein effectiveness.This result is con-
sistentwith other fault localizationresearch.We also found that
the informationbases'differencesin effectivenessweremostpro-
nouncedat the endof debuggingsessions,most likely dueto the
increasedtestinginformationavailable,allowing the techniquesa
greateropportunity to differentiatethemselves from eachother.
Thateffectiveness,however, did notalwaysimprove asdebugging
sessionsprogressed— in thecaseof Gradebook , all ninecombi-
nationsof informationbaseandmappingbecameworse.Thismay

relateto themistakestheusersmadein their testing,apointwewill
returnto shortly.

Recallthatonegoalof this studywasto provide empiricaldata
on threeparticularinformationbasesandmappings.Althoughall
of our informationbasesgenerallyperformedwell, a surprisewas
the performanceof I-NC . One reasonthis is surprisingis that
I-NC is theinformationbaseleastlikethoseemployedin many tra-
ditional techniques,which tendto usecountsof failedandpassed
tests(asdoesI-TC ) or dicing-like approaches(asdoesI-BL ). A
secondreasonis that I-NC is the leastcomputationallyexpensive
of theinformationbaseswecompared.

Turning to RQ2, the role of the mappingfactorwasquite pro-
nounced.While we found two signi�cant differencesat the 0.05
level and onedifferenceat the0.01level in RQ1,our investigation
of RQ2yieldedonesigni�cant differenceatthe0.05level, andnine
differencesat the0.01level. Thesesigni�cant differencesoccurred
despiteonly smalldistinctionsamongthethreemappings(i.e., the
numberof fault likelihoodvalues,andthe“initial” value).

This resulthastwo implications.First, greatcareshouldbeex-
ercisedin selectingmappingsfor fault localizationtechniques.To
our knowledge,no previouswork hasprovidedempiricalevidence
to supportthis �nding. Second,becausebothfactorsareimportant,
evaluatingeachfactorseparatelyis importantin orderto obtainac-

First X-mark
I-TC I-BL I-NC

Gradebk (n = 13) 1.10 1.42 1.56
(p = 0:1251) (1.27) (1.48) (1.38)
Payroll (n = 10) 0.68 0.45 0.95
(p = 0:1095) (0.79) (0.55) (0.80)

SecondX-mark
I-TC I-BL I-NC

Gradebk (n = 3) 0.50 0.83 1.00
(p = n=a) (2.78) (2.57) (2.65)
Payroll (n = 3) 1.28 0.85 1.24
(p = n=a) (1.00) (1.20) (1.52)

LastTest
I-TC I-BL I-NC

Gradebk (n = 13) -0.11 0.58 0.59
(p = 0:0024) (1.36) (1.57) (1.65)
Payroll (n = 10) 0.70 0.67 1.16
(p = 0:0665) (0.84) (0.71) (0.94)

Table 3: Isolating the information baseswith M-NCin the con-
text of mistakes.
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curateinformationregardinga technique.Otherwise,in attempt-
ing to improve atechnique's ability to pinpoint faults,researchers
could actuallyweaken their technique's effectivenessby manipu-
lating a factorthat wasalreadyworking well andoverlookingthe
realculprit.

Oneresultfrom RQ3wasthattheend-usertestsuitescontained
many mistakes,corroboratingprevious �ndings [27]. The effects
of thesemistakeswerefar-reachingtoo— althoughthey numbered
justunder25%of thetests,they affected74%of thedebuggingses-
sions.This resultunderlinestheseriousnesswith which this issue
shouldberegarded,especiallysinceit runscontraryto a common
assumptionin prior research:thatall testinghasbeenreliable.

7. RELATED WORK
Most fault localizationresearchhasbeenbasedonprogramslic-

ing — asurvey of which is providedby Tip [30] — anddicing[17]
techniques.Our fault localizationtechniquesdraw from informa-
tion gleanedvia slicing, and make useof that information using
heuristicsinspiredby dicing.

Therehasbeena greatdealof work on fault localizationstrate-
giesfor professionalprogrammers(e.g.,[2, 10, 13, 15, 17, 23,31]).
For example,Agrawal etal. [2] presenta technique,implemented
as� slice,for locatingfaultsusingexecutiontracesfrom tests.This
techniqueis basedon displayingdicesof the programrelative to
onefailing testanda setof passingtests.Joneset al. [15] describe
a similar approachimplementedas TARANTULA. Unlike � slice,
TARANTULA usesinformation from all passingand failing tests,
coloringstatementsbasedon the likelihoodthateachstatementis
faultyaccordingto its ratioof failing to passingtests.Usingafaulty
“run” and a larger numberof correct runs, Renierisand Reiss's
technique[23] comparesthe faulty run with the correctrun that
mostresemblesit, andreports“suspicious”areasof the program.
Two ways in which our approachdiffers from theseare that our
methods(1) aretargetedatendusers,and(2) areinteractiveandin-
crementalat thegranularityof revising fault likelihoodestimations
in realtime aftereachsingleprogramedit.

Pan andSpafford [19] presenta family of 20 fault localization
heuristicsbasedon programstatementsexercisedby passingand
failing tests,threeof which directly relateto the mappingsof our
techniques.

A little work aimedspeci�cally at aiding end userswith fault
localizationis emerging. For example,Ayalew andMittermeir [6]
presenta methodof “f ault tracing” for spreadsheetsthatuses“in-
terval testing”andslicing. Woodstein[32] is a webinterfaceagent
that assistse-commercedebugging. Ko andMyers [16] presenta
typeof fault localizationvia theWhyline, an“interrogative debug-
ging” technique. Our approachdiffers from the �rst strategy by
allowing usersto interactively improve feedbackby providing the
systemwith additionalinformation,and from all thesestrategies
throughtheincorporationof a robustnessfeature[26, 27].

Thereis otherwork thatcanhelpendusers�nd faults. S2 [28]
providesa visualauditingfeaturein Excel7.0. Work is emerging
to automaticallydetectcertainkinds of errors,suchas errors in
spreadsheetunits[1, 5] andtypes[3]. Therehasalsobeenwork to
helpendusersdetectfailures,suchasstatisticaloutlier �nding [18]
andanomalydetection[22]. Finally, the assertionsapproach[33]
in Forms/3automaticallydetectsfailuresin spreadsheetcells,and
hasbeenshown empiricallyto helpendusers.

8. CONCLUSIONS
Despitethe growing numberof end-userprogrammers,to date,

relatively little researchhassoughtto addressthedependabilityis-

suesthat arisein end-usersoftware. We areworking on waysto
bring softwareengineeringmethodologiesto bearuponthis prob-
lem, focusingin this paperon fault localizationfor end-userpro-
grammers.

In this paperwe have consideredtwo factorsthatmake up fault
localizationtechniques— informationbaseandmapping— and
investigatedtheir impacton effectiveness.The work makes four
primarycontributions.

First, we describetwo factorsthataffect fault localizationtech-
niques,andprovide empiricaldataindicatingthateachfactorsig-
ni�cantly impactstheeffectivenessof techniques.Two immediate
implicationsare the needto separately(1) designand (2) evalu-
ateeachfactor. While it may make intuitive sensethateachfactor
would play a role in techniqueeffectiveness,to date,no studies
have explicitly teasedthe two factorsapartand empirically con-
�rmed thateachindeeddoeshave asigni�cant rolein effectiveness.

Second,we provide dataon threeparticularinformationbases
andthreemappingsfor fault localizationtechniques,which serves
to addressthe lack of empiricaldataconcerningfault localization
supportfor end users. In doing so, we found that the inexpen-
sive,non-traditionalI-NC informationbaseperformedparticularly
well. This surprisingresultmakesI-NC especiallyadvantageous
in end-userprogramminggiven the importanceof responsiveness
in thesehighly interactiveenvironments.

Third, we show why traditionalmeasuresfor fault localization
effectiveness,whicharetakenat thepointsof maximalsystemrea-
soningpotential,are unsuitablein evaluatingeffectivenessin in-
teractive environments,and we presenta set of measuresthat is
insteadtakenat userfeedbackpoints.This typeof measurementis
critical whenmeasuringinteractive debuggingdevices,which are
commonin end-userprogrammingenvironments,toensurethatim-
portantfeedbackis notomitted.

Fourth,ourresultscorroboratethegrowing bodyof evidencethat
endusersmake analarmingnumberof mistakeswhenperforming
interactive testingand debuggingtasks;in our experiment,74%of
thedebuggingsessionswereperformedin thecontext of atleastone
incorrecttestingdecision.Suchevidencesuggeststhatsomefault
localizationtechniques,which assumethat all testinginformation
is correct,maynotbesuitablefor endusers.

All four of the above �ndings run counterto muchof the fault
localizationresearchaimedat professionalprogrammers.In fact,
our resultsindicatethatanumberof traditionalassumptionsin that
priorworkarenotappropriatefor faultlocalizationin end-usersoft-
wareenvironments.
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