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ABSTRACT

Endusersdevelopmoresoftwarethanary othergroupof program-
mers,usingsoftwareauthoringdevicessuchase-mail Itering ed-
itors, by-demonstratiormacrobuilders, and spreadsheegnviron-
ments. Despitethis, therehasbeenlittle researcton nding ways
to help theseprogrammerswith the dependabilityof their soft-
ware. We have beenaddressinghis problemin severalways,one
of whichincludessupportingend-usedehuggingactiitiesthrough
fault localizationtechniques.This paperpresentshe resultsof an
empirical study conductedin an end-usemprogrammingerviron-
mentto examinethe impactof two separatdactorsin fault local-
ization techniqueghat affect techniqueeffectiveness.Our results
shednew insightsinto fault localizationtechniquesor end-user
programmersandthe factorsthat affect them, with signi cant im-
plicationsfor the evaluationof thosetechniques.
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1. INTRODUCTION

A quietparadignshiftis occurringin theworld of software.Not
longago,mostsoftwarewasdevelopedby “professional”’program-
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mers.Today however, endusers writefar moresoftwarethanpro-
fessionalprogrammersit is estimatedhat, in 2005in the United
Statesalone,55 million endusers,comparedo only 2.75million
professionalprogrammerg8], will be creatingsoftware suchas
multimediasimulationsdynamicweb pagese-mail Itering rules,
andspreadsheets.

Do theseprogrammershave adequatesupport? Evidencesug-
geststhatthey do not. BoehmandBasili obsere that 40-50%o0f
the software createdby end userscontainsnon-trivial faults [9].
Thesefaultscanbe serious,jn somecasescostingmillions of dol-
lars[14, 20, 24].

A problemfor the software engineeringcommunity then,is to
provide end userswith bettersupportfor their software develop-
mentactiities. For example,enduserslik e professionaprogram-
mers,needstratgiesfor improving the dependabilityof their soft-
ware,suchastestingandanomalydetectionrmethodologieso help
themdetectfailures,andfault localizationtechniquedo helpthem

nd the cause®f failures.Thelatteris ourfocusin this paper

Softwareengineeringesearcherbave investedconsiderablef-
fort into bringing fault localizationtechniquego professionapro-
grammers(e.g., [2, 10, 13, 15, 17, 2331]), and similar efforts,
directedat the needsof end users,could be worthwhile. How-
ever, signi cant differencesexist betweenprofessionaland end-
user software development,and thesedifferenceshave rami ca-
tionsfor any suchefforts.

First, endusersrarely have knowledgeof software engineering
methodologiesandareunlikely to take thetime to acquireit. Tra-
ditional fault localizationtechniqueften assumehat their users
have at leastsomeknowledgeof software engineeringn orderto
properlyemploy thetechniqueor understandts feedback.(As re-
search7, 12] explains,understandings critical to trust, which in
turnis critical to usersactuallybelieving a systems outputandact-
ing uponit.) Suchtechniquesnaybe unsuitableor endusers.

Secondend-useprogrammingervironmentsareusuallymode-
lessandinteractive: userancrementallyexperimentwith their soft-
ware and seehow the resultswork out after eachchange. Fault
localizationtechniqueghatrely on batchprocessinge.g.,[2]) are
inconsistenbr evenincompatiblewith thesetypesof ervironments.

Third, endusersdo not usually posses®rganizedtestsuites,so
large amountf testing-derred dataarerarely availablefor usein
end-userervironments. Complicatingthe situationis the interac-
tive natureof end-usedehugging: whenendusersobsene afail-
ure they often begin deluggingimmediately— not after running
severaltests— at which time the systemmay have little informa-
tion with whichto provide feedback Thus,afaultlocalizationtech-



niguethatrequireslarge amountsof data(e.g.,[15]) may beinap-
propriatefor endusers.

Fourth,evidenceshavsthatendusersoftenmake mistakeswhen
performinginteractie testingand delbiggingtasks[27]. (Profes-
sional programmer<rr too, of course,but their understandingf
testingprocessemayrenderthemlesserrorpronethanendusers.)
Unfortunately mary fault localizationtechniquege.g.,[17]) can-
not operateeffectively with suchunreliableinformation.

We have beenworking to bring fault localizationsupportto end
usersin waysthataccommodatéhe foregoing considerationsOur
previouswork [26, 27] shows thatthis supportcanhelp endusers

nd faults by leadingthemto employ more effective dehugging
stratgies.However, our resultsalsoshaw that,attimes,somefault

localizationtechniquesare not effective. Analysisof the casesn

which the techniquesare not effective suggestshat thereare ac-
tually two distinctfactors involved in techniquedesignthat could

be impactingtheir performance. The rst factor— information
base— refersto thetypeof informationmaintainecby atechnique
andis commonlythe subjectof the researcHiteratureon fault lo-

calization. The secondfactor— mapping— refersto the way in

which a techniquemapsthe informationinto feedback,ncluding

both the calculationof this feedbackusing the information pro-

vided by the information base,and displayingthe feedbackin a

mannetrthatis compatiblewith the surroundingervironment. Sur

prisingly, comparedo the information basefactor this mapping
factorhasreceved scantattentionin the researcHiterature. Fur-

ther, in our searchof the literaturewe can nd no previous work

thathasseparatedhe impactof thesetwo factorson a fault local-

izationtechniques effectiveness.

This work makes four contrikutions. First, we empirically in-
vestigatethe impactof bothinformationbaseandmappingon the
effectivenessf fault localizationtechniques.Our resultsindicate
thateachfactorsigni cantly impactseffectivenessthus,bothmust
be consideredvhendevelopingfault localizationtechniques Sec-
ond,we addto theend-usesoftwareengineerinditeratureby pro-
viding empirical dataon threeinformation basesand three map-

pings that can be usedin techniquedor end-userprogrammers.

Third, we provide insightsinto the way in which interactve fault
localizationeffectivenesshouldbe measured— insightsthathave
implicationsfor future empirical evaluationsof end-useffault lo-
calizationtechniques.Fourth, we addto the growing body of ev-
idencethat end usersmake mistaleswhen performinginteractive
testingand delggingtasks,which hasimplicationsfor the types
of techniqueshatmay be suitablefor end-useprogrammers.

2. BACKGROUND: WYSIWYT

Our fault localizationtechniquesare prototypedin the spread-
sheetparadigmin conjunctionwith our “What You Seels What
YouTest”(WYSIWYT) testingmethodology25], whichwebrie y
describehere. Figure 1 presentsan example of WYSIWYT in
Forms/3[11], aspreadsheéanguagautilizing “free- oating” cells
in additionto traditionalspreadsheegrids. WYSIWYT's underly-
ing assumptioris that, asa userincrementallydevelopsa spread-
sheetheor sheis alsotestingincrementally Becausaheintended
audiencds endusersall communicatioris performedthroughvi-
sualdevices. In WYSIWYT, untestectellsthathave non-constant
formulasare given a red border(light gray in this paper). (Cells
whoseformulasare simply constantsio not participatein WY SI-
WYT devices,sincethe assumptioris thatthey do not needto be
tested.) The bordersof suchcells remainred until they become
more“tested”.

For cellsto becomemoretested testsmustoccur Thesetests
canoccurat anytime — intermingledwith formulaedits,formula
additions,andsoon. The processs asfollows. Wheneyﬁzr auser
noticesa correctvalue,he or shecanplaceacheckmark( ) in the
decisionbox at the cornerof the cell obsered to be correct: this
testingdecisioncompletesa successfuttest”. Checkmarksanin-
creasahe “testednessbf cells,whichis re ected by addingmore
blueto cell borders(moreblackin this paper). Further because
correctvaluein acell c depend®nthecorrectnessf thecellscon-
tributing to c, thesecontrikuting cellsparticipaten c'stest. WYSI-
WYT testednessolorsre ect the useof a data ow testadequag
criterionthatmeasuregheinterrelationship thesourcecodethat
have beencoveredby the userstests.

In additionto the cell level, WYSIWYT providesuserfeedback
abouttestednesat two othergranularities A “percenttestedness”
indicator provides testednes$eedbackat the spreadsheegranu-
larity. Testednesfeedbackis alsoavailableata ner granularity
throughthe colorsof data ow arrows, which canbe shavn at the
cell level or at the subexpressionlevel. The systemalso provides
testednesteedbackhroughanintelligentexplanationsysteni33],
implementedvia “on-demand”tooltips that display the testedness
of ary speci edcell or data ow relationship.

3. ADDING FAULT LOCALIZA TION FOR
END USERS

Mostfaultlocalizationsupportattemptgo helpprogrammerso-
catethe causeof failuresin two ways: (1) by indicatingthe ar

Figurel: An exampleoféNYSIWYT in Forms/3.



Figure 2: An exampleof fault localization in the Forms/3 spreadsheeenvir onment.

easthatshouldbe searchedor faults,therebyreducingthe search
space and(2) by indicatingthe areagmostlik ely to containfaults,
therebyprioritizing the sequencef the seach throughthis space.

In our prototype, WYSIWYT senes asa springboardor fault
localization: insteadof noticing that a cell's valueis correctand
placinga checkmarka usermight noticethata cell's valueis in-
correct(a failure) and placean “X-mark”. In Figure 2, the user
noticesanincorrectvaluein Exam Avg — thevalueis too high—
andplacesan X-markin thecell's decisionbox.

X-markstriggerafault likelihoodcalculationfor eachcell (with
anon-constantormula) that might have contributedto thefailure.
Faultlikelihood,updatedor eachappropriatecell afterary testing
decisionor formulaedit, is representetby coloring the interior of
suspectellsin shadeof red (grayin this paper). This senesour
rst goalof reducingtheuserssearctspace As thefaultlikelihood
of acellincreasesthesuspectellis coloredin increasinglydarker
shade®f red(gray). Thedarlestcellsareestimatedo bethemost
likely to containthe fault, andarethe bestcandidategor the user
to considerin dehugging; this senesour secondgoal of helping
endusersprioritize their search(This approachs generalizabléo
paradigmstherthanspreadshee{&7].)

We have previously developedthreetechniquedor realizingthis
support26], whichwe brie y summarizehere.

TestCount. Thetechniquewe term“TestCount” maintains,
for eachcell c, the numberof failed tests(i.e., X-marks)
and passedtests(i.e., checkmarks)n which ¢ haspartici-

pated. Thesefailed testsincreasec's fault lik elihood, while

thepassedestsdecrease'sfaultlik elihood.Of coursethere
arevarying schemeshat sucha techniquecould useto de-
cidethe degreeto which failed andpassedestsimpactfault

likelihoodfeedbackjn this paperthe TestCountTechnique
usesthe schemerom our previous work [26] in which two

passedestswerenecessaryo counteracthe effectsof one
failedtest. TARANTULA [15], afaultlocalizationtechnique
for traditionalprogrammindanguagesjsesanapproachhat
is similarto our TestCountTechnique.

Blodking. The“Blocking Technique’includesnotonly failed
and passedests,but alsowhethertestsare blocked from a
cell ¢ by one or more othertests. (A testt; can“block”
anothertestt, from affecting the fault likelihoodof c if all

data ow from c to the cell in which thet, testingdecision
was madegoesthroughthe cell in which the t; testingde-
cisionwasmade.)This is accomplishedy maintaining,for
eachcell ¢, (1) information on the teststo which that cell
contributes,and(2) data ow informationto determinewhich
of thosetestsare blocked andunblocled from the cell. Un-
like in the Test Count Technique,only the failed teststhat
are not blocked from c increasec's fault likelihood, while
only the passedeststhatarenotblockedfrom c decrease's
fault likelihood. As with TestCount,thereare mary possi-
ble schemedo control the impactof failed and passedests
onfaultlikelihoodfeedbackTheBlocking Techniquen this
paperusesthe schemerom our previous work [26] thatre-
quiredtwo passedeststo counteractheeffectsof onefailed
test. Programdicing [17] usesan approactthatis similar to
our Blocking Technique.

NeaestConsumes. We designedhe “NearestConsumers
Technique'to bealow-costalternatve to theothertwo tech-
nigues, whose maintenanceof all testing history for each
spreadsheetell may comeattoo greata costasspreadsheet
sizeincreasesNearestConsumerss agreedytechniquehat
considersonly the direct consumes of a cell ¢ (i.e., those
cellsconnectedvith c directly by adata ow edge).Thefault
likelihoodof cis rst estimatedoy computingthe average
fault likelihood of ¢'s direct consumergif ary). This av-
eragefault likelihoodis then adjustedbasedon the current
testingdecisionsfor ¢ andc's direct consumersThe possi-
ble adjustmentsredescribedn detailin previouswork [26].
To summarizeheseadjustmentsthefaultlik elihoodof cin-
creasedf cor c'sdirectconsumergontainsufciently more
failed teststhan passedestsusing a setof de ned thresh-
olds [26] — the motivation being that areasin the spread-
sheetshaving mary failures(failed tests)aremorelikely to
containfaults. Similarly, the fault likelihood of ¢ decreases
if ¢ or ¢'sdirectconsumergontainsufciently morepassed
teststhanfailedtestsusinga setof de ned thresholds— the
motivationbeingthatareasn the spreadsheethoving mary
successefpassedests)arelesslik ely to containfaults. This
“discount” technigueis more modestthan most other fault
localizationtechniqueslescribedn theliterature.



Ourpreviousempiricalwork [26, 27] shavsthatthesethreefault
localizationtechniquesan provide feedbackthatis usefulto end
users. However, the work alsosuggestshattwo separatdactors,
oneof whoseimpacton fault localizationhasnot beenstudiedbe-
fore, mightimpacttechniquesffectivenessThis paperinvesticates
this possibility.

4. EXPERIMENT

Any fault localizationapproachthat includessomeform of re-
portingor feedbacko a humaninvolvestwo factors:

Information Base: To supportthe behaior of a fault local-

izationtechniqueinformationmustbestoredandmaintained
eitherby the technigueor by the surroundingervironment.
To abstraceway implementatioror algorithmicdetailssuch
asdatastructureswe usethis termto referonly to the type
of informationusedandthe circumstancesinderwhichit is

maintained.

Mapping: Mappingstransforminformationbasednto fault
localizationfeedback This transformatiorinvolvesbothcal-
culating a cell's fault likelihood using the information pro-
vided by the information base,and then transformingthat
calculationinto appropriatdeedbacKor theuserin amanner
thatis consistentith thegoalsof thetechniqueandcompat-
ible with the surroundingervironment.

For example, TARANTULA [15] usesa setof failed and passed
tests,andcoverageinformationindicatingthe programpointscon-
tributing to eachtest,asits informationbase.lts mappingusesthis
informationto calculate(1) a color representingeachstatemens
participationin testing,and (2) the techniques con dencein the
correctnessf eachcolor. (TARANTULA colorsstatementbecause
thesetypesof visualizationsare compatiblewith the techniques
surroundingervironment.)

To gaininsightinto theimportanceof eachfactor we investicate
thefollowing researchguestiongor end-usefaultlocalization:

RQ1: Do differencesn informationbasesmpacteffectiveness?

RQ2: Do differencesn mappingsmpacteffectiveness?

RQ3: Doesinaccurateinformationimpactinformation basesand
effectiveness?

Onereasonto investigateRQ1is thatfault localizationresearch
oftenfocuseninformationbaseslf thisfactoraffectstechniques'
effectivenessin interactve programmingernvironments,then end
usersmay bene t from researchthat focuseson professionapro-
grammers.

Previousfaultlocalizationresearctoftenevaluategechniquess
awhole,without consideringhe speci ¢ factorsthatcontritute to
obsered results. We devised RQ2 becausave suspecthat map-
ping alone could be animportantfactor in determininga tech-
nigue’s effectiveness.

Our third researctquestionwasinspiredby the unreliability in
interactive end-usetestingthatwe have seenn previousempirical
work [27]. Thisquestiorfocuseninformationbasedecausd is
speci cally theinformationbasethatis corruptedoy suchmistales.

4.1 Design

In formulatingour experiment,we consideredhreemethodolo-
giesfor gatheringsourceof data. The rst methodologyinvolves
following the classichuman-subjectapproachgatherparticipants
for the nine possiblemappingandinformationbasecombinations
and compareeffectivenessacrossgroups. This methodologyhas

the adwantageof eliciting testsuitesfrom realendusersbut it has
two drawvbacks.First, for properstatisticalcomparisonit wouldre-
quireaninordinatelylarge numberof subjects.Secondsinceeach
techniguevould begivendifferenttestingactions it would bevery
dif cult to controlfor the factthatdifferencesn testsuitesmight
causdlifferencesn results.

The secondmethodologyinvolvesfollowing a classictestsuite
generatiorapproachgeneratédypotheticaltestsuitesaccordingto
somecriterion,andselect(randomlyor accordingto othercriteria)
testsfrom thesetestsuitesto simulateendusers'testingactions.A
dravbackof this approacthis thatthe testsuitesthuscreatedcould
not be tied to our ultimateusers,andmay not be representatie of
realend-usetestingactions.

The third methodologyinvolves obtainingtestingactionsfrom
realendusersandthenuniformly applyingtheseactionsacrossll
information baseand mappingcombinations. This third method-
ology avoids the drawvback of requiring an inordinatenumberof
subjects.It alsohasthe advantage®of usingtestingactionsrepre-
sentate of thoseperformedby real end users,and of measuring
eachtechniques ability to provide feedbaclkgiventhe sametesting
actions This latter advantageavoids confoundingdiffering tech-
nigueswith differing testsuites.

We thuschosethe third methodology We obtainedthe required
testing actionsfrom 20 end-userparticipants: 18 undegraduate
studentsandtwo graduatestudentsrom Oregon StateUniversity
without personalor professionalprogrammingexperience. The
testsuites,asde ned by the testingactionsthatthe endusersper
formed,werethusthe“subjects”of our experiment.

4.2 Materials

Theexperimentutilizedtwo spreadsheeasks Gradebook and
Payroll  (shown in Figures2 and3, respectiely). To make our
spreadsheetgpresentatie of realend-usespreadsheet§rade-
book wasderivedfrom an Excel spreadsheeif an (end-userjn-
structor which we portedinto an equivalentForms/3spreadsheet.
Payroll wasaspreadsheeatesignedy two Forms/3researchers
from a payroll descriptionfrom arealcompary.

Thesespreadsheetsereseededvith ve faultscreatedby real
endusers. To obtainthesefaults, we provided threeseparatesnd
userswith (1) a“template”spreadshedor eachtaskwith cellsand
cell nameshut no cell formulas;and(2) adescriptionof how each
spreadsheathouldwork, whichincludedsamplevaluesandcorrect
resultsfor somecells. Eachpersonwasgivenasmuchtime ashe
or sheneededo designthe spreadsheeatsingthesematerials.

From the collection of faults left by the end users,we chose

ve that provided coverageof the catgoriesin Panlo's classi -
cationsystem21], whichis basedn Allwood's classi cationsys-
tem[4]. UnderPanko's system,mechanicafaultsinclude simple
typographicalerrorsor wrong cell references.Logical faults are
mistalkesin reasoningandare moredif cult to detectandcorrect
thanmechanicafaults. An omissionfault is informationthat has
never beenenterednto a cell formula, andis the mostdif cult to
detect[21]. We seededsradebook with threemechanicafaults,
onelogical fault,and oneomissionfault, andPayroll  with two
mechanicafaults,two logical faults,and oneomissionfault. Pay-
roll  wasintendedto bethe moredif cult spreadsheealueto its
largersize,greaterevel of data ow andintertwineddata ow rela-
tionships,andmoredif cult faults.

4.3 DependentVariable and Measures

As adependentariable werequireameasuref afaultlocaliza-
tion techniques effectiveness.Many suchmeasuresre possible.
In this experiment,our goalis to studythe ability of techniquego



Figure 3: The Payroll  task.

point out faultsby applyingidentical testsuitesuniformly. Thus,
we de ne effectivenesasatechniques ability to correctlyandvi-
sually differentiatethe correctcells in a spreadsheefrom those
cellsthatactuallycontainfaults.

Using this notion, we choseto measureeffectivenessn terms
of the visual sepaation betweenthe faulty cells and the correct
cells of eachspreadsheetOur previous work [27] indicatedthat
usersusually restricttheir attentionduring detugging only to the
cellsindicatedin the fault localizationfeedback(i.e., the colored
cells). Giventhis nding, in this experiment,we decidedto focus
our measur@nly onthe cellscoloredby thetechnique.

Let FaultyCells(AgFL) be the averagefault likelihood of col-
ored faulty cells. Let CorrectCells(AgFL) be the averagefault
likelihood of coloredcorrectcells. The formulato calculateef-
fectivenessaccordingto this measures then:

Eff = FaultyCells(AvgFL) CorrectCells(AvgFL)

Subtractionis usedinsteadof calculatinga ratio becauséhe color
choicesform anordinal, notaratio, scale.Positve effectivenesss
preferable anda greatereffectivenesamplies a betterdistinction
betweerfaulty andnon-faulty cells.

4.4 Points of Evaluation

At what point shouldwe measureeffectiveness? Marny tradi-
tional techniquegeportfeedbackonly at the end of a batchpro-
cessingof information. This point of maximal systemreasoning
potential — when the systemhasits best(and only) chanceof
producingcorrectfeedback— is thereforethe appropriatepoint at
which to measurehe effectivenesf thesetechniques Giventhe
interactve natureof end-userernvironments,however, dehugging,
andthereforefaultlocalizationuse,occurnotjustattheendof test-
ing, but throughoutthe testing process. Measuringeffectiveness
only at the endof testingwould thusignore mostof the reporting
beingdoneby theinteractve technique.

In principle, we could measureeffectivenessat eachpoint at
which a userrecevesfeedback.However, it is not statisticallyvi-
ableto utilize every suchpoint, becausenary will notbereached
by numbersof userssufcient to supportcomparisonsTherefore,
we electedto measureeffectivenessat just the following feedback
points:

First X-mark.Whenafailureis rst reportedby usergin our
ervironment,signaledby an X-mark), they immediatelyre-
ceive faultlocalizationfeedback We termthis thebeginning
of adelugging session(X-marksinitiate suchsessionsnly

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

SecondX-mark. The secondX-mark's computationsare
basedon moreinformationthanthe rst X-mark, so mea-
suringat this point helpsus gaugeeffectivenessrendsover
time. (In principle, third X-marks, fourth X-marks, andso
on couldalsobeused but the participantsn our experiment
kepttheir dehuggingincrementalwith almostall detugging
sessiongnvolving two or fewer X-marks.)

Last Test. Whenusers nd the causeof a failure (a fault),
they often immediatelytry to x it. This point includesat
leastone X-mark and ary numberof checkmarksand de-
notestheendof adehuggingsessionAs such,it is the point
at which techniqueshave the mostinformation available to
them. Oncea usereditsthe “sourcecode” (formula),dowvn-
streamfault localizationinformationbecomeobsolete and
is discarded.

We emphasizehatthe needto evaluateeffectivenessat multiple
pointsis not speci c to our particularexperiment.Rather we rec-
ommendthat any interactve fault localizationtechniquebe eval-
uatedon the basisof multiple feedbackpoints becausetherwise
importantdatareportedby thetechniquemaybe overlooked.

4.5 Information Basesand Mappings

The information baseand mappingfactorsin fault localization
techniqueshave not beenpreviously isolated. To learn whether
eachfactorsigni cantly impactsechniquesffectivenesswyhile also
providing dataon techniquesn the literature,we usedthe infor-
mation basesand mappingsof the threetechniquesdescribedin
Section3.

As describedearlier theinformationbasefactorof afaultlocal-
izationtechniqueis responsiblesolely for storingandmaintaining
theinformationrequiredby the techniquein orderto provide fault
localizationfeedbackWe now describeéhethreeinformationbases
of our own techniques.

TestCount(I-TC ). Thistechniques informationbasemain-
tains, for eachcell ¢, the setof failed and passedeststhat
dynamicallyexecutec. Thesizeof I-TC growswith respect
to bothspreadshee&tndtestsuitesize.

Blodking (I-BL ). Therearetwo aspectgo this information
base. Like I-TC , I-BL maintainsa list of all failed and



passedestsfor eachcell. However, to achieve the “block-
ing” behaior describedn Section3, I-BL alsotracksthe
data ow relationshipdbetweereachcell, usingthisinforma-
tion to allow tests,undercertaincircumstancesto “block”
othertestsfrom reachingcertaincells. Note thatunlike pro-
gramdicing [17], “blocking” doesnot completelyremove
cells from a programslice, as would dicing, becausevi-
denceg[27] indicatesthat usersoccasionallymake erroneous
testingdecisionsandsuchdecisionsouldcausegheremoval
of acell thatactuallycontainsafault. (Ratherthanbeingre-
moved from the programslice, suchcells arelater assigned
a“minimal faultlikelihood”.) Becausef the overheadhec-
essanyto track data ow andblockinginformation,|-BL is
morecomputationallyexpensve thanl-TC .

NeatkestConsumes (I-NC ). Ratherthanmaintaininga his-
tory of all previoustestingdecisionsasdo the previoustwo

information basesthe I-NC information basetracksonly
(1) the fault likelihood of eachcell in the spreadshegrior
to anew testingdecision,and(2) the currenttestingdecision
for eachcell affectedby the currenttestcase(i.e., thecurrent
setof input values),including that currenttestcase. Since
eachof thesecomponentsequiresonly constantspacefor

eachcell in thespreadsheetheinformationbasegrowvs with

respecto spreadsheeatizeonly, andis thereforetheleastex-

pensve of thethree.

Becausehe context of our experimentis interactivefault local-
ization, eachof theseinformation basesis immediatelyupdated
whenever ary actionis taken by a userthat affectsthe contentsof
the base potentiallyinterferingwith the environments interactv-
ity. Onereasorto compardheseanformationbasesthen,istolearn
whethera modestinformationbasesuchas|-NC cancompeten
effectivenessith the othertwo moreexpensve informationbases.

The mappingfactorusesthe informationstoredby theinforma-
tion baseto calculateanddisplayfault localizationfeedback.We
now describehethreemappingsof our own threetechniques.

Test Count (M-TC). This techniques mappingincreasesa
cell c'sfaultlikelihoodfor eachfailedtestthatc contrituted
to, and decreases's fault likelihood for passedestsin a
mannersuchthat two passedestscounteracthe effects of
onefailedtest. Themappinguseshesetof failedandpassed
testsfor eachcell to increasehefaultlik elihoodof cellscon-
tributing to mary failed tests,and decreasehe fault lik eli-
hoodof cellscontrituting to mary passedests,asdescribed
in Section3. It hasthecharacteristiof mappinginformation
basedo four possiblefault likelihoodvalues,andbegins by
assigningc the lowestfault likelihoodif it contritutesto a
singlefailure (X-mark), therebyallowing fault likelihoodto
build with furtherfailures.

Blocking (M-BL). This mappingis similar to M-TC, except
thatit consideronly the failed and passedeststhatarenot

blocked, asthosearethe only testsprovidedto the mapping
by thel-BL informationbase. It alsosupports ve, rather
than four, fault likelihood values,and begins by assigning
¢ the secondowestfault likelihood value so asto be able

to build acell'sfaultlikelihoodvalueasthe numberof failed

testsncreasesandalsoreducefaultlikelihoodasthenumber
of passedestsor blockedfailedtestsincreases.

NeaestConsumes (M-NC). Thismappingusesheinforma-
tion regardingthefaultlik elihoodof eachcell to computethe
averagefault likelihoodof c's direct consumersit usesthe

currenttestingdecisionfor eachcell to adjustthis calculated
meanif ¢ andc's directconsumergontainsufciently more
passedeststhanfailedtests,or sufciently morefailedtests
thanpassedests[26]. It alsosupports ve fault likelihood
values,and begins by assigningc the third fault likelihood
valueso asto make it viable to both increaseand decrease
fault likelihood valuesas c's direct consumersfault lik eli-
hoodvaluesincreaseanddecrease.

Eachof thesethreemappingsexpectsa certaintype of informa-
tion, andhasattributesdevelopedspeci cally to handlethatinfor-
mation. For example,the M-NC mappingexpectsthe currentfault
likelihoodof cellsin orderto computethe averagefault likelihood
of eachcell ¢'sdirectconsumersSuchattributesmustbecharacter
istic of ary mappingthatis leveragingthe I-NC informationbase.
Therefore,without consideringthe attributesthat “bind” a map-
ping to aninformationbase the essencef the differencesamong
our threemappingsaretwo sharedcharacteristics(1) the number
of possiblefault likelihoodvalues,and (2) an “initial” valueused
to startassigningaultlikelihoodfeedback As such,whenwe refer
to applyinga mappingto aninformationbasewe referto applying
only thesetwo characteristic®f onemappingto anotherto create
an entirely new mappingfor that technique. We do not attempt
to teaseapartthe in uences of thesetwo characteristicsbut sim-
ply considerthemtogetherto learnwhetherchangingthe mapping
factorof a techniquecan signi cantly impactthat techniques ef-
fectiveness.

Sincethe testingactionsto be uniformly applied acrosstech-
nigueshadto includefaultlocalizationuse,sometechniquehadto
be incorporatednto the environmentfor participantuse. Because
of theirsuccesseis earlierempiricalwork [26, 27],we choseto in-
corporatehel-TC informationbasewith the M-BL mappinginto
theernvironment.

4.6 Procedure

After completinga backgroundjuestionnaireparticipantsvere
givenatutorial to familiarizethemwith the ervironment. The tu-
torial taughtthe use of WYSIWYT (checkmarksand associated
feedback) but did notinclude detugging or testingstratey con-
tent. We alsodid notteachthe useof faultlocalization;rather par
ticipantswereintroducedo the mechanic®f placingX-marksand
giventime to explore ary aspectf the feedbackhatthey found
interesting.

After thetutorial, participantsveregiventhe two taskswith in-
structiongo testthespreadsheetndcorrectary errorsfound,sup-
portedby I-TC andM-BL. The experimentwascounterbalanced
with respecto taskordersoasto distribute learningeffectsevenly.
Thetasksnecessarilynvolvedtime limits — setat 20 minutesfor
Gradebook and30 minutesfor Payroll — to ensurepartici-
pantsworked on bothtasks,andto remave possiblepeerin uence
of someparticipantdeaving early. To obtainthe participants'test-
ing actions theactionsby eachparticipantwererecordednto elec-
tronic transcripts.

4.7 Threatsto Validity

Any controlledexperimentis subjectto threatsto validity, and
thesemustbe consideredn orderto assesshe meaningandim-
pactof results. (Wohlin et al. [34] provide a generaldiscussiorof
validity evaluationandathreatsclassi cation.)

Threatdo internalvalidity areotherfactorsthatmayberespon-
siblefor ourresults.Thespeci c faultsseededn aspreadsheeatan
affect fault localizationresults. To reducethis threat,we selected
faultsaccordingo Panko'sclassi cationschemg21] to ensurehat



differenttypesof faultswereincluded.Also, asmentionedn Sec-
tion 4.5, to apply the sametest suitesuniformly acrossall tech-
nigueswe hadto obtainsuitesusinga singleinformationbaseand
mapping. It is possiblethat the testsuitescreatedby participants
would have variedin responseo fault localizationfeedbackhad
a differentinformation baseor mappingbeenchosen. However,
had we chosena designthat allaved for varying testingactions,
we would have risked confoundingtheindependentariable— in-
formationbaseor mappingselection— with a secondvariableof
varyingsuites.

Threatsto constructvalidity questionwhetherthe resultsof an
experimentarebasednappropriaténformation. Our effectiveness
metricconsideronly thecellscoloredby atechniqueThisignores
searchspacesize (i.e., the numberof coloredcells) becauseells
thatarenot visually coloredare not consideredy the metric. To
consideran alternatve metric, we cross-cheaid our resultswith
the metric usedin our previous work [26] (which doesconsider
searchspacesize)andfoundthe sametrendsandresults. (We do
notreporttheseresultsdueto spaceconstraints.)

Threatsto externalvalidity limit the extentto which resultscan
be generalized.To increasethe representatienessof our spread-
sheetsyve selectedreal-world” spreadsheefsom arealend-user
instructorand a real payroll description. Our spreadsheetwere
alsomoderatdn sizein orderto allow subjectsto make progress
in thetaskin theallottedtime. In thefuture, casestudiescould be
conductedvith larger spreadsheetothatparticipantscould work
throughlargertasks,andnotbefacedwith thetime constraintghat
were necessarilymposedon this experiment. Also, the ability to
generalizeour resultsmayalsobelimited by our selectiorof faults.
To limit this threatwe attemptedo seedrealisticfaultsusingthe
proceduresutlinedin Section4.2. Finally, our experimentwas
conductedin the Forms/3researchanguage[11]; however, end
usersmay dehug differently in a differentlanguage.All of these
externalvalidity concernsanbe addressednly throughrepeated
studiesusingdifferentspreadsheetaults,andlanguages.

5. RESULTS

5.1 RQ1: Information Base

To investicatethe differentinformationbases'impacton effec-
tivenessndependenof themappingfactor we comparedheinfor-

mationbases'effectivenesghreetimes,onceundereachmapping.
The comparisonsvere doneat eachfeedbackpoint describedn
Sectiord.4.

As a statisticalvehiclefor our analyseswe statethe following
(null) hypotheses:

H1: Thereis nodifferencen effectivenesamongthethreeinfor-
mationbasewith the M-TC mapping.

H2: Thereis nodifferencen effectivenesamongthethreeinfor-
mationbaseswith the M-BL mapping.

H3: Thereis nodifferencen effectivenesamongthethreeinfor-
mationbaseswvith the M-NCmapping.

Tables1(a)-1(c)show the results. We usedthe Friedmantest
[29] to statisticallyanalyzethe data. This testis an alternatve to
therepeatedneasure®\NOVA whenthe assumptiorof normality
or equalityis not met. (We did notrun Friedmantestson the Sec-
ond X-mark datadueto the small samplesizes.)Table1(a) shavs
no signi cant differencesn information baseeffectivenessat the
0.05 level underuseof the M-TC mapping,so H1 cannotbe re-
jected. However, Table 1(b) showvs maiginal signi cance (0.10) at
the First X-mark for the Payroll  taskand0.01 signi cance by
theLast Test. Differencesareevenmorepronouncedn Table1(c).
Thereforewe rejectH2 andH3.

5.2 RQ2: Mapping

How importantis mappingaloneto effectiveness? Table 1 is
suggestiein this regard. To statisticallyconsidemwhetherthis fac-
tor hadasigni cant impacton effectivenessye usedthe Friedman
testto comparghemappings'effectivenessindereachinformation
base.Thehypothesesn this casewere:

H4: Thereis no differencen effectivenessamongthethreemap-
pingswith thel-TC informationbase.

H5: Thereis no differencen effectivenessamongthethreemap-
pingswith thel-BL informationbase.

H6: Thereis no differencen effectivenessamongthethreemap-
pingswith the|-NC informationbase.

As Tables2(a)-2(c)shaw, therewere signi cant differencesn
effectivenessamongthe differentmappings.The differencesvere
almostalwayssigni cant at the 0.05level, andoften signi cant at
the0.01level. Clearly, H4, H5,andH6 mustall berejected.

First X-mark First X-mark First X-mark
I-TC I-BL I-NC I-TC I-BL I-NC I-TC I-BL I-NC
Gradebk (n = 18) 0.39 0.26 0.39 Gradebk (n = 18) 0.83 0.86 0.94 Gradebk (n = 18) 1.14 1.39 1.50
(p = 0:8948) (0.50) | (0.62) | (0.50) (p = 0:7165) (0.84) | (1.00) | (0.92) (p = 0:0923) (1.32) | (1.37) | (1.39)
Payroll  (n = 13) 0.00 -0.17 0.04 Payroll  (n = 13) 0.29 0.35 0.49 Payroll  (n = 13) 0.69 0.54 0.93
(p = 0:1211) (0.00) | (0.40) | (0.08) | | (p = 0:1000) (0.42) | (0.33) | (0.40) | | (p = 0:0695) (0.78) | (0.65) | (0.80)
SecondX-mark SecondX-mark SecondX-mark
I-TC I-BL I-NC I-TC I-BL I-NC I-TC I-BL I-NC
Gradebk (n = 3) 0.00 | 0.16 | 0.00 Gradebk (n = 3) 0.33 | 050 | 050 Gradebk (n = 3) 050 | 0.83 | 1.00
(p= n=a) (1.00) | (0.76) | (1.00) | | (p = n=a) (2.08) | (1.80) | (1.80) | | (p = n=a) (2.78) | (2.57) | (2.65)
Payroll (n = 5) 0.15 | 0.01 | 0.18 Payroll (n = 5) 0.37 | 0.36 | 056 Payroll (n = 5) 0.69 | 054 | 0094
(p= n=a) (0.46) | (0.12) | (0.49) (p = n=a) (0.95) | (0.60) | (0.83) (p= n=a) (1.17) | (1.05) | (1.22)
LastTest LastTest LastTest
I-TC I-BL I-NC I-TC I-BL I-NC I-TC I-BL I-NC
Gradebk (n = 18) -0.06 | 0.00 | -0.04 Gradebk (n = 18) 0.26 0.33 0.38 Gradebk (n = 18) 0.27 0.76 0.79
(p = 0:4389) (0.54) | (0.49) | (0.51) (p = 0:4464) (1.12) | (1.06) | (1.03) (p = 0:0022) (1.52) | (1.48) | (1.61)
Payroll (n = 13) 0.13 -0.12 0.21 Payroll (n = 13) 0.30 0.60 0.77 Payroll (n = 13) 0.65 0.83 1.27
(p = 0:0608) (0.28) | (0.48) | (0.50) (p = 0:0128) (0.60) | (0.53) | (0.66) (p = 0:0199) (0.86) | (0.88) | (0.95)

(a) Informationbaseswith M-TC

(b) Informationbaseswith M-BL

(c) Informationbasesvith M-NC

Table 1: Isolating the information basefactor. The mean (standard deviation) effectivenesscomparing the threeinformation bases
with the samemapping are shonvn. The information basewith the greatestaverageeffectivenesss shown in bold. The “p” denotes
p-valuesof the Friedman tests,and “n” denotesthe number of sufjectsmeasured at eachpoint.



First X-mark First X-mark First X-mark
M-TC | M-BL | M-NC M-TC | M-BL | M-NC M-TC | M-BL | M-NC
Gradebk (n = 18) 0.39 0.83 1.15 Gradebk (n = 18) 0.26 0.86 1.39 Gradebk (n = 18) 0.39 0.94 1.50
(p = 0:0031) (0.50) | (0.84) | (1.32) (p = 0:0004) (0.62) | (1.00) | (1.37) (p = 0:0001) (0.50) | (0.92) | (1.39)
Payroll (n = 13) 0.00 0.29 0.69 Payroll (n = 13) -0.17 0.35 0.54 Payroll (n = 13) 0.04 0.49 0.93
(p = 0:0060) (0.00) | (0.42) | (0.78) (p = 0:0016) (0.40) | (0.33) | (0.65) (p = 0:0005) (0.08) | (0.40) | (0.80)
SecondX-mark SecondX-mark SecondX-mark
M-TC | M-BL | M-NC M-TC | M-BL | M-NC M-TC | M-BL | M-NC
Gradebk (n = 3) 0.00 0.33 0.50 Gradebk (n = 3) 0.16 0.50 0.83 Gradebk (n = 3) 0.00 0.50 1.00
(p= n=a) (1.00) | (2.08) | (2.78) (p= n=a) (0.76) | (1.80) | (2.57) (p= n=a) (1.00) | (1.80) | (2.65)
Payroll  (n = 5) 0.15 0.37 0.69 Payroll  (n = 5) 0.01 0.36 0.54 Payroll  (n = 5) 0.18 0.56 0.94
(p= n=a) (0.46) | (0.95) | (1.17) (p= n=a) (0.12) | (0.60) | (1.05) (p= n=a) (0.49) | (0.83) | (1.22)
LastTest LastTest LastTest
M-TC | M-BL | M-NC M-TC | M-BL | M-NC M-TC | M-BL | M-NC
Gradebk (n = 18) -0.06 0.26 0.27 Gradebk (n = 18) 0.00 0.33 0.76 Gradebk (n = 18) -0.04 | 0.38 0.79
(p = 0:1180) (0.54) | (1.12) | (1.52) (p = 0:0424) (0.49) | (1.06) | (1.48) (p = 0:0045) (0.51) | (1.03) | (1.61)
Payroll (n = 13) 0.13 0.30 0.65 Payroll (n = 13) -0.12 0.60 0.83 Payroll (n = 13) 0.21 0.77 1.27
(p = 0:1220) (0.28) | (0.60) | (0.86) (p = 0:0001) (0.48) | (0.53) | (0.88) (p = 0:0036) (0.50) | (0.66) | (0.95)

(a) Mappingswith I-TC

(b) Mappingswith I-BL

(c) Mappingswith I-NC

Table 2: Isolating the mapping factor.

5.3 RQ3: Inaccurate Information

As our rst step,to investigate the frequeng of mistales, we
countedthe numberof incorrecttesting decisionsmadein each
end-usetestsuite. In thegontext of our ervironment,thisis either
aWYSIWYT checkmarl( ) signifyingacorrectvalueandplaced
in acell thatreally hasanincorrectvalue,or an X-mark signifying
anincorrectvalue (a failure) andplacedin a cell thatreally hasa
correctvalue. In the Gradebook task,8.99%of the checkmarks
and5.95% of the X-markswereincorrect. This trend continued
in Payroll , where20.62%of the checkmarksind3.33%of the
X-markswereincorrect.

Given that such mistales corrupt information bases,how did
thesemistales impact an information base$ effect on effective-
ness?To investigatethis, we measurecffectivenessat eachFirst
X-mark, SecondX-mark, andLast Testthatwasin the context of at
leastoneincorrecttestingdecision We isolatedinformationbases
using the sameprocedureas Section5.1. The hypothesisin this
caseis:

H7: Thereis nodifferencdn effectivenesamongtheinformation
basesvheninaccuraténformationis present.

Although we ran comparisonsinderall threemappingsdueto
spaceconstraints,we shav only measurementsaken underthe
M-NC mapping,becausevi-NC wasthe superiormappingin Sec-
tion 5.2. (The information basesunderthe other mappingsshav
thesamegeneralrend.)

As Table 3 shaws, on the last testin dehugging sessionsdif-
ferencesn eachinformationbases effectivenessvere mamginally
signi cant for Payroll , and signi cant (at the 0.01 level) for
Gradebook . Thus,werejectH7.

6. DISCUSSION

The resultsregarding RQ1 shaved that information baseoften
madea signi cant differencein effectiveness.This resultis con-
sistentwith otherfault localizationresearch.We also found that
theinformationbases'differencesn effectivenessvere mostpro-
nouncedat the end of deluggingsessionsmostlikely dueto the
increasedestinginformation available, allowing the techniquesa
greateropportunity to differentiatethemseles from each other
Thateffectivenesshowever, did notalwaysimprove asdehugging
sessionprogressed— in thecaseof Gradebook , all ninecombi-
nationsof informationbaseandmappingbecameavorse.This may
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relateto themistalestheuseramadein theirtesting,apointwe will
returnto shortly

Recallthatonegoal of this studywasto provide empiricaldata
on threeparticularinformationbasesandmappings.Although all
of our informationbasegyenerallyperformedwell, a surprisewas
the performanceof I-NC . One reasonthis is surprisingis that
I-NC istheinformationbasdeastlik ethoseemployedin mary tra-
ditional techniquesyvhich tendto usecountsof failed andpassed
tests(asdoesl-TC ) or dicing-like approachegasdoesl-BL ). A
secondreasonis thatl-NC s theleastcomputationallyexpensive
of theinformationbasesve compared.

Turning to RQ2, the role of the mappingfactorwas quite pro-
nounced. While we found two signi cant differencesat the 0.05
level and ondlifferenceatthe 0.01level in RQ1,ourinvestication
of RQ2yieldedonesigni cant differenceatthe0.05level, andnine
differencesatthe0.01level. Thesesigni cant differenceoccurred
despiteonly smalldistinctionsamongthe threemappinggi.e., the
numberof faultlikelihoodvalues andthe “initial” value).

This resulthastwo implications. First, greatcareshouldbe ex-
ercisedin selectingmappingsfor fault localizationtechniquesTo
our knowledge,no previouswork hasprovided empiricalevidence
to supportthis nding. Secondbecauséothfactorsareimportant,
evaluatingeachfactorseparatelys importantin orderto obtainac-

First X-mark
I-TC I-BL I-NC
Gradebk (n = 13) | 1.10 1.42 1.56
(p= 0:1251) (2.27) | (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) (2.00) | (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.



curateinformationregarding a technique. Otherwise,in attempt-
ing to improve atechniques ability to pinpointfaults,researchers
could actuallywealen their techniques effectivenessby manipu-
lating a factorthat was alreadyworking well and overlookingthe
realculprit.

Oneresultfrom RQ3wasthatthe end-usetestsuitescontained
mary mistales, corroboratingprevious ndings [27]. The effects
of thesemistaleswerefar-reachingoo— althoughthey numbered
justunder25%of theteststhey affected74%of thedeluggingses-
sions. This resultunderlineshe seriousneswith which this issue
shouldbe regarded,especiallysinceit runscontraryto acommon
assumptionn prior researchthatall testinghasbeenreliable.

7. RELATED WORK

Mostfaultlocalizationresearctasbeenbasedn programslic-
ing — asuney of whichis providedby Tip [30] — anddicing[17]
technigues.Our fault localizationtechniquesdran from informa-
tion gleanedvia slicing, and make useof that information using
heuristicanspiredby dicing.

Therehasbeena greatdeal of work on fault localizationstrate-
giesfor professionaprogrammersge.g.,[2, 10, 13, 15, 17, 2331]).
For example,Agrawal etal. [2] presentatechniquejmplemented
as slice,for locatingfaultsusingexecutiontracesfrom tests.This
techniqueis basedon displayingdicesof the programrelative to
onefailing testanda setof passingests.Jonesetal. [15] describe
a similar approachmplementedas TARANTULA. Unlike slice,
TARANTULA usesinformationfrom all passingandfailing tests,
coloring statementbasedon the likelihoodthat eachstatements
faultyaccordingoits ratio of failing to passingests.Usingafaulty
“run” and a larger numberof correctruns, Renierisand Reisss
technique[23] compareghe faulty run with the correctrun that
mostresemblest, andreports“suspicious”’areasof the program.
Two waysin which our approachdiffers from theseare that our
methodg1) aretargetedatendusersand(2) areinteractve andin-
crementaht the granularityof revising faultlik elihoodestimations
in realtime aftereachsingleprogramedit.

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

A little work aimedspeci cally at aiding end userswith fault
localizationis emepging. For example,Ayalenv andMittermeir [6]
presenta methodof “fault tracing” for spreadsheethat uses‘in-
terval testing”andslicing. Woodstein32] is awebinterfaceagent
that assistsee-commercalehugging. Ko andMyers[16] presenta
typeof faultlocalizationvia theWhyline, an“interrogative dehug-
ging” technique. Our approachdiffers from the rst stratgy by
allowing usersto interactiely improve feedbackby providing the
systemwith additionalinformation, and from all thesestratgies
throughtheincorporationof arobustnesgeature[26, 27].

Thereis otherwork thatcanhelpendusersnd faults. S2[28]
providesa visual auditingfeaturein Excel 7.0. Work is emeging
to automaticallydetectcertainkinds of errors, suchas errorsin
spreadsheetnits[1, 5] andtypes[3]. Therehasalsobeenwork to
helpenduserdetectfailures,suchasstatisticaloutlier nding [18]
andanomalydetection[22]. Finally, the assertionsapproacH33]
in Forms/3automaticallydetectsfailuresin spreadsheetells, and
hasbeenshavn empiricallyto helpendusers.

8. CONCLUSIONS

Despitethe growing numberof end-useprogrammersto date,
relatively little researcthassoughtto addresshe dependabilityis-

suesthat arisein end-usersoftware. We are working on waysto
bring software engineeringnethodologieso bearuponthis prob-
lem, focusingin this paperon fault localizationfor end-usepro-
grammers.

In this paperwe have consideredwo factorsthat make up fault
localizationtechniques— information baseand mapping— and
investicatedtheir impacton effectiveness. The work makes four
primary contrikutions.

First, we describetwo factorsthat affect fault localizationtech-
nigues,and provide empirical dataindicatingthat eachfactorsig-
ni cantly impactsthe effectivenesof techniquesTwo immediate
implicationsare the needto separately(1) designand (2) evalu-
ateeachfactor While it may male intuitive sensethateachfactor
would play a role in techniqueeffectivenessto date, no studies
have eplicitly teasedthe two factorsapartand empirically con-

rmed thateachindeeddoeshave asigni cant rolein effectiveness.

Secondwe provide dataon three particularinformation bases
andthreemappingsor faultlocalizationtechniqueswhich senes
to addresghe lack of empiricaldataconcerningfault localization
supportfor end users. In doing so, we found that the inexpen-
sive,non-traditional-NC informationbaseperformedparticularly
well. This surprisingresultmakesI-NC especiallyadvantageous
in end-usemprogramminggiven the importanceof responsieness
in thesehighly interactve ervironments.

Third, we shav why traditional measuresor fault localization
effectivenesswhich aretakenat the pointsof maximalsystenrea-
soningpotential, are unsuitablein evaluatingeffectivenessin in-
teractve ervironments,and we presenta set of measureghat is
insteadtaken at userfeedbackpoints. This type of measuremeris
critical whenmeasuringnteractive dehuggingdevices, which are
commonin end-useprogrammingervironmentsto ensurehatim-
portantfeedbacks not omitted.

Fourth,ourresultscorroboratehegrowing bodyof evidencethat
endusersmake analarmingnumberof mistaleswhenperforming
interactve testingand delnggingtasks;in our experiment,74% of
thedehuggingsessionsvereperformedn thecontet of atleastone
incorrecttestingdecision. Suchevidencesuggestshat somefault
localizationtechniqueswhich assumehat all testinginformation
is correct,maynot be suitablefor endusers.

All four of the abore ndings run counterto muchof the fault
localizationresearchaimedat professionaprogrammers.n fact,
our resultsindicatethata numberof traditionalassumption that
prior work arenotappropriatdor faultlocalizationin end-usesoft-
wareervironments.
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