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ABSTRACT

Whenalackof datainhibitsdecisionmaking,largescale
what-if queriescanbeconductedover theuncertainparam-
eter ranges. Such what-if queriescan generatean over-
whelming amountof data. We describehere a general
methodfor understandingthat data. Large scalewhat-if
queriescanguideMonteCarlosimulationsof amodel.Ma-
chine learningcan thenbe usedto summarizethe output.
The summarizationis an ensembleof decisiontrees. The
TARZAN systemcanpoll theensemblelooking for major-
ity conclusionsregardingwhat factorschangethe classifi-
cationsof the data. TARZAN can succinctlypresentthe
resultsfrom very largewhat-if queries.For example,in one
of thestudiespresentedhere,we canview on

�� a pagethe
significantfeaturesfrom

�����
what-ifs.

KEYWORDS: Machine learning, ensemblelearning,
Monte-Carlosimulations,risk assessment,COCOMO-II,
decisionsupportsystems.

1. Intr oduction

Incomplete information can cripple decision making.
For example,supposea softwaremanagerwantsto reduce
theoddsof time over-runson herproject. To performthis
task, our managercould usea software effort estimation
modellike COCOMO-II (seeFigure1). Our managermay
beuncertainaboutall thedetailsof thecurrentstateof the
project,or is debatingmultiple changesto the project. If
COCOMO-II is run for eachcombinationof currentand
possiblenew values,thenourmanagerwouldbeburiedun-
dera mountainof reports.For example,Figure2 shows the

The COCOMO project aims at developing an open-source,
public-domainsoftware effort estimationmodel. The project
has collected information on 161 projects from commercial,
aerospace,government,and non-profit organizations[3]. As of
1998,theprojectsrepresentedin thedatabasewereof size20 to
2000KSLOC (thousandsof linesof code)andtook between100
to 10000personmonthsto build.
COCOMOmeasureseffort in calendarmonthswhereonemonth
is 152hours(andincludesdevelopmentandmanagementhours).
The coreintuition behindCOCOMO-basedestimationis thatas
systemsgrow in size, the effort requiredto createthem grows
exponentially, i.e. �	�
����
���������������� . More precisely:� �	� �"!
#%$�&('*)+���������-,/./0 12.4365�78:9<;>=@? 8BADC 'FE .4GHIDJ .LKNM I	O
where& is adomain-specificparameter, andKSLOCis estimated
directly or computedfrom a functionpoint analysis. �QPSR arethe
scalefactors(e.g. factorssuchas“have we built this kind of sys-
tembefore?”) and KTM I arethecostdrivers(e.g. requiredlevel
of reliability).
Software effort-estimationmodelslike COCOMO-II shouldbe
tunedto their localdomain.Off-the-shelf“untuned”modelshave
beenup to 600% inaccuratein their estimates,e.g. [16, p165]
and[6]. However, tunedmodelscanbefarmoreaccurate.For ex-
ample,[3] reportsa studywith a bayesiantuningalgorithmusing
the COCOMOprojectdatabase.After bayesiantuning, a cross-
validationstudyshowed thatCOCOMO-II modelproducedesti-
matesthatarewithin 30%of theactuals,69%of thetime.

Figure 1. Some backgr ound notes on
COCOMO-II. For more details, see [1]

.



NASA softwareprojects
KC-1 FB-3 BJ-1

(verynew (moderatelynew (verymature
project) project) project)

ranges now1 changes1 now2 changes2U changes2V now3
prec= 0..5 precedentness 0, 1 2,3 4,5

Scale flex = 0..5 developmentflexibility 1, 2, 3, 4 1 ? 3,4 0-5 0,1
drives resl= 0..5 architecturalanalysisor risk resolution 0, 1, 2 2 ? 0-5 4,5

team= 0..5 teamcohesion 1, 2 2 4 3,4
pmat= 0..5 processmaturity 0, 1, 2, 3 3 ? 0-5 4,5

rely = 0..4 requiredreliability 4 4 4
Product data= 1..4 databasesize 2 ? 1-4 1,2

attributes cplx = 0..5 productcomplexity 4, 5 3,4,5 3,4,5
ruse= 1..5 level of reuse 1, 2, 3 3 ? 1-5 4,5
docu= 0..4 documentationrequirements 1, 2, 3 3 1 3,4

Platform time = 2..5 executiontimeconstraints ? 5 4 2,3
attributes stor= 2..5 mainmemorystorage 2, 3, 4 2 ? 2-5 3,4

pvol = 1..4 platformvolatility 1 ? 2-4 1,2

acap= 0..4 analystcapability 1, 2 2 2 2,3,4
Personnel pcap= 0..4 programmercapability 2 2 2,3
attributes pcon= 0..4 programmercontinuity 1, 2 2 ? 0-4 2,3

aexp = 0..4 analystexperience 1, 2 ? 0-4 3,4
pexp = 0..4 platformexperience 2 ? 0-4 3,4

ltex = 0..4 experiencewith languageandtools 1, 2, 3 3 2 3,4
Project tool = 0..4 useof softwaretools 1, 2 1 2,3 3,4

attributes site= 0..5 multi-sitedevelopment 2 ? 0-5 ?
sced= 0..4 timebeforedelivery 0, 1, 2 2 ? 0-4 2

# of what-ifs(combinationsof W<XDY[Z]\�^`_>a�W�b	c2deZ ) = f�g[hei+j k�g[hei+l hei+l hei G
Figure 2. Three software NASA projects: “no w”= current situation; “c hang es”= some proposed
chang es. Attrib utes come from the COCOMO-II software cost estimation model described in Figure 1.
Attrib ute values of “2” are nominal; lower values usuall y denote some undesirab le situation; higher
values usuall y denote some desired situation. Each “don’t kno w ” (denoted “?”) requires what-if
queries for the entire rang e of that parameter . No chang es are sho wn for BJ-1 since , in the view of
the managers, this project has alread y had years of useful process impr ovement.

currentstateandproposedchangesto threeNASA projects.
In thebottomrow, we seetheseprojectscontain

����m
to

�n�>�
combinationsof currentandproposedparameters.

This paperproposesa new methodfor practical large
scalewhat-if queries.We characterizeexploring a spaceof
what-ifsasthesearchfor thesignificantranges; i.e. asmall
setof parameterrangesthat have most impacton achiev-
ing somedesiredresults. Our approachhasthreestages.
Firstly, webuild thespaceof potentiallysignificantwhat-ifs
by asking“what arethedifferentmodelspostulatedfor this
domain?”. The significant rangeslies somewherewithin
the input parameterrangesof thesemodels(e.g. column
2 of Figure2). Secondly, we generateandcachebehavior
from our rangeof modelsusingrandomMonteCarlosim-
ulations. This behavior is summarizedby a decisiontree
learner. This study usedC4.5 [17]. Thirdly, we passthe
learnt treesto our TARZAN package.TARZAN usesthe
treesanddomaininformationsuchasFigure2 to savagely

prunethe ranges.TARZAN’s pruningmethods(described
below) canbeveryeffective.For example,in thisstudy(see
below), TARZAN generateda

�� pagereportthatshows the
significantfeatureswithin a spaceof

�����
what-ifs.

This rest of this paperis structuredas follows. First,
we discussthe novel contributions and generalityof this
research. Second,we offer somebriefing noteson tech-
nologies that are core to our technique: randomMonte
Carlosimulations,decisiontreelearning,andtheTARZAN
pruning methods. Third, we describethe Madachyrisk
model which will assessthe software risk of the projects
in Figure 2 (the Madachy model was first reported at
KBSE’94 [9]). Finally, we show how thesetechnologies
work on theNASA casestudiesof Figure2.

1.1. Originality

This is the first report to detail the use of automatic
softwareengineeringtechniquesfor theindependentassess-
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mentof softwareprojects. We believe this researchoffers
thepossibility for betterconflict reductionin requirements
engineering,fasterreasoningin thepresenceof uncertainty,
andeasierexplanationof automaticallygeneratedtheories.

Independentassessment:Recentsatellite losseshave
highlightedNASA’sneedfor qualitysoftware.An indepen-
dentassessmentisanearlylife-cycleassessmentof therisks
within asoftwareproject.Theassessmentis performedby a
consultantfrom outsidethedevelopmentteam.NASA can
savehighriskprojectsif wecanfind themearlyenough;e.g.
by allocatingadditionalresources.For suchassessmentsto
be useful,however, they mustbe cheapto conductandbe
performedearlyin thelife cycle. Ourmethodsupportssuch
early life cycle risk assessments,even beforekey param-
etersare not known with certainty. Further, we not only
assessrisk, but alsoexplorehow to alter it. After building
decisiontreesthatsummarizeour risk knowledge,we then
querythosetreeslooking for forks that canalter the clas-
sifications.In particular, TARZAN returnsthoseparameter
rangesthat, if appliedto someproject,significantlyreduce
thatproject’s risk.

Requirementsengineering: Requirementsengineersnote
thatdecisionmakingcanbecomplicatedby theconflicting
plansof multiple stakeholders[5]. One subtlefeatureof
TARZAN is thatit is aconflictreductiontool. Givenasetof
proposedchanges(e.g.thechangesXcolumnsin Figure2),
TARZAN returnsa smallersetcontainingthechangesthat
aremostinfluential.For example,only two of the11 mem-
bersof changes1are effective in reducingthe risk of the
KC-1 project (seebelow). Without TARZAN, our stake-
holdersmighthave( o �D��p o �>q�r ) argumentsasthey discuss
which portionsof changes1to apply. With TARZAN, our
stakeholdersneedonly have ( o �(p q

) arguments.

Reasoningin the presenceof uncertainty: Uncertainty
is fundamentalto many under-measureddomains,e.g. hu-
man internal medicine,economics[13], and software de-
velopment. For example,softwaredevelopmentdatamay
bescarceif thedevelopmentteamwasnot fundedto main-
tain a metrics repository, or the collecteddata doesnot
relate to the businesscase,or if contractorsprefer to re-
tain control of their own information. After two yearsof
watchingour NASA colleagueschasedata,we suspectthat
datafaminescannotbe solved by managementdirectives
to collect moredata. Our view is thatwe shouldtake data
faminesasa premise,and thenresearchhow to reasonin
their presence.Our prior researchinto reasoningaboutun-
certaindomainsusedabductive logics to implementHT4:
a set-coveringtruth maintenancesystem[13]. Suchlogical
approachesto uncertainreasoningcanbe too slow: HT4’s
inferenceis provablyNP-hardandexperimentallyexponen-
tial on modelsize.TARZAN, on theotherhand,is a much
simpler, fastermethod. TARZAN learnsemergent stable
propertiesfrom a wide rangeof randomlyselectedbehav-

ior. Assumingmaster-variablesystems,suchemergentsta-
blepropertiesshouldbefew in numberandfastto find.

Explanationof automaticallygenerated theories: We
show below thattheexplanationof a largelearnttheorycan
requirespecialexplanationfacilities. Suchexplanationfa-
cilities arenot usuallyresearchedby the machinelearning
community. Most machinelearningresearchmerelygen-
eratestheoriesbut doesnot describethepost-processingof
that theory. Two exceptionsare the researcherswho ex-
ploredalternaterepresentationsto decisiontrees:Quinlan’s
rule generator[17] andMuggleton’swork on learninghorn
clauses[15]. In part, the work of MuggletonandQuinlan
wasmotivatedby theproblemof explaining largedecision
trees.Unlike thesestudies,our solutionto theexplanation
problemonly requiresstandarddecisiontreelearners,plus
( sut ��� ) lines of simplePrologto explore the learnt trees.
We assumethat when a humanoperator“understands”a
tree,they cananswerthefollowing question:

Here are somethings I am planningto change;
tell me thesmallestsetthatwill changetheclas-
sificationsof this system.

Note that this questioncan be answeredby hiding the
learnttreesandmerelyshowing theoperatorthesignificant
ranges.TARZAN swingsthroughthedecisiontreeslooking
for thesignificantrangesthatpick interestingbranches.

1.2. Generality

The Madachymodel is not core to our work; ratherit
is just an examplewe useto demonstratea new technique
for automaticallyunderstandingmodels. In theory, there
is nothingin our systempreventingus from swappingthe
Madachymodelfor another. That is, while the casestudy
in this paperrelatesto softwarerisk management,our tech-
niquepotentiallyappliesmorebroadly. For example,in our
conclusion,we discussapplicationsof this techniqueto the
treatmentof diabetics.

On theotherhand,this approachis only practicalwhen
a model’s behavior canbe quickly sampled,then quickly
pruned.Thus:v To quickly samplea model’s behavior, it hasbe run

many times (e.g. this study ran a model 900,000
times). Hence,we cannotusethis approachfor sys-
tems that are slow to execute, or which generate
extensive side-effects when executed; e.g. adding
megabytesto a databasewith eachexecution.v To quickly pruneasystem’sbehavior, thatsystemmust
containa small numberof mastervariablesthat con-
trol the largernumberof slave variablesin the restof
the system. In such master-variable systems,prun-
ing terminateson a very small setor mastervariable
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ranges.Elsewhere,wehaveofferedevidencefrom the-
ory [12], experimentation[14], andanextensive liter-
aturereview [11] suggestingmaster-variablesystems
arecommon,evenfor indeterminatesystems.

2. The Madachy Risk Model

For our experiments,we usedtheMadachyCOCOMO-
basedeffort-risk model [10]. Dr. Madachy is one of
the authors of the COCOMO-II model description [1].
The Madachymodelwasan experimentin explicating the
heuristicnatureof effort estimation.Themodelcontains94
tablesof theform of Figure3. Eachsuchtableimplements
acontext-dependentmodificationto internalCOCOMOpa-
rameters. Two importantfeaturesof the Madachymodel
are its classificationsand its validation. In the first case,
the model generatesa numericeffort-risk index which is
thenmappedinto theclassificationslow, medium,high. In
the second,the modelhassurvived at leastonevalidation
study. Most risk modelscomewith no validationinforma-
tion. The Madachymodel is the rare exception. Studies
with theCOCOMO-Iprojectdatabasehave shown that the
Madachyindex correlateswell with w(xey{z}|L~�(����� (whereKDSI
is thousandsof deliveredsourcelinesof code)[10].

The MadachymodelwasexercisedusingMonte Carlo
simulations,thensummarizedwith a machinelearner(de-
scribedbelow). Hence,our summariesreflect the biases
of the Madachymodel. RecallthatMadachyvalidatedhis
modelbyfindingagoodcorrelationbetweentherisk assess-
mentsof his modelandthe developmenttimesof the sys-
temsrecordedin theCOCOMOdatabase.Thatis,Madachy
definesrisk asa developmentissue.This is differentto the
standardsoftwarerisk assessmentview, which definesrisk

rely= rely= rely= rely= rely=
very low nominal high very
low high

sced=very low 0 0 0 1 2
sced=low 0 0 0 0 1
sced=nominal 0 0 0 0 0
sced=high 0 0 0 0 0
sced=veryhigh 0 0 0 0 0

Figure 3. A Madachy factor s table. From [10].
This table reads as follo ws. In the exceptional
case of high reliability systems and very tight
schedule pressure (i.e. sced=lowor very low
and rely= high or very high), add some incre-
ments to the built-in parameter s (increments
sho wn top-right). Otherwise , in the non-
exceptional case, add nothing to the built-in
parameter s.

2r

2r

Figure 4. A cir cle of radius � within a square
of side o{� . From [18]

assomemeasureof theruntimeperformanceof thesystem;
in otherwords,in thestandardview risk is definedasanop-
erational issue(e.g.[7, 8]). SinceweareusingtheMadachy
model,we mustadopthis definitions.Hence,whenwe say
“softwarerisk”we mean“developmentrisk”; i.e. the risk
that the project while take longer than plannedto build.
Note that our methodscould also be usedfor operational
risk assessment,if wecouldaccesssuchadevelopmentrisk
model.

Madachy’s model usesoff-the-shelfCOCOMO,which
canbe up to 600%inaccuratein its estimates(seethe dis-
cussionin Figure1). In practice,userstuneCOCOMO’s
parametersusinghistoricaldatain orderto generateaccu-
rateestimates.For the projectsin Figure2, we lacked the
datato calibratethe model. Thereforewe ran our simula-
tionsusingthreedifferentCOCOMOtuningsandfoundthat
wegeneratedthesamesignificantrangesfrom all threetun-
ings(seebelow). Hence,we werenot motivatedto explore
othertunings.

3. Monte Carlo Simulations

The MadachymodelwasexercisedusingMonte Carlo
simulations.That is, insteadof running(e.g.)

���>�
simula-

tions,we rana smallnumberpickedat randomto seewhat
we could learn. We thenrana largernumberof randomly
picked simulations. A conclusionwasdeemedstableif it
did not changewhen we useda larger samplesize. The
restof thissectionofferssomeintroductorynotesonMonte
Carlosimulationsandtheir applicationin our domain.

Traditionally, MC methodswereusedfor mathematical
integration. For example,to computethe valueof � using
MC, we might aska very baddartsplayerto throw dartsat
Figure4. In this approach,our dartsplayeris a stochastic
generatorof thedata.Assumingall thedartslandwithin the
squareof Figure4, thentheratio of dartshitting thecircle
will be: ����� �n�e�T� �"�/�/�"�S�-�+�"�{���4�� �e�6�{�L�N� p �Q� �� o{�@� �
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Figure 5. Finding � using MC methods; i.e.
thr owing dar ts at Figure 4 and appl ying Equa-
tion 1. Adapted from [18]

whichwe canrearrangeto� p qN� ����� �L�e��� �"�/�/�"�S�-�����{���4�� �e� �{�L�N� (1)

Note that the resultsof an MC studycanbe skewed by
inadequatesampling.If our dartsplayeronly makesa few
throws,our valuefor � will be inaccurate.Figure5 shows
how thevalueof Equation1 variedasa computerprogram
simulatedthe dartsplayer. The value for � seenafter 10
“throws” was very different to the value seenafter 1000
“throws”. However, after 5000 “throws”, the value sta-
bilized; i.e. more throws did not significantly changethe
value.Thegenerallessonfrom thisexampleis thatthesam-
ple sizeof anMC studymustbeextendeduntil theconclu-
sionsstabilize.

In orderto applyMC to softwarerisk management,we
ran the Madachymodelusingrandomlyselectedinputsas
follows:v Sincetheoutputsof aCOCOMOmodelaredependent

onits tunings,wepickedourtuningsfrom severalpub-
lishedsources.Thosesourcesshowed tuningsgener-
atedvia geneticalgorithms[4], tuningsgeneratedvia
bayesianlearning[3], andthe standardtuningsfound
within theMadachymodel.v COCOMO estimationsare basedon sourcelines of
code (SLOC). SLOC is notoriously hard to esti-
mate. Hence,we ran our MC simulationson differ-
ent rangesof SLOCs. From Boehm’s text Software
EngineeringEconomics, we saw thatusing ������� p���� ¢¡ �£����� p �����> ¢¡ ������� p o �>�>��  wouldcover
aninterestingrangeof softwaresystems[2].v Next, for thethreedifferentSLOCsandthreetunings,
we generated100,000randomexamplesby picking
onevalueat randomfor eachof the parametersfrom
column2 of Figure2.

This generated 900,000 examples classified low,
medium,high, divided into different SLOCsand tunings.
We madeourconclusionsvia machinelearning(seebelow)
using ¤ randomlyselectedexamplesfrom eachdivision.
Weincreasedthesamplesize(to o@¤ ¡ t>¤ ¡�¥:¥¦¥

) until wefound
conclusionsthatwerestableacrossall divisions.In our ex-
periments,¤ p ���6¡D���>�

samplesandour conclusionsusu-
ally stabilizedat t�¤ p t �6¡D���>� samples.These45 training
setswereusedto build anensembleof 45 trees:t���������� � t-�/§¨�Q�"�S�
� �ª© � ��«F¬ �4�L� p q<© �/�{�L�{�
4. DecisionTrees

OurconclusionswerefoundusingtheTARZAN system.
TARZAN swingsthroughthe 45 treesgeneratedfrom the
above 45 experimentslooking for parameterchangesthat
alteredtheclassifications.BeforediscussingTARZAN, we
digressfor a brief tutorial on decisiontreelearners.

Decisiontreelearnersinputclassifiedexamplesandout-
putdecisiontrees(seeFigure6). ThisstudyusedC4.5[17].

INPUT:

#outlook, temp, humidity, windy, class
sunny, 85, 85, false, dont_play
sunny, 80, 90, true, dont_play
overcast, 83, 88, false, play
rain, 70, 96, false, play
rain, 68, 80, false, play
rain, 65, 70, true, dont_play
overcast, 64, 65, true, play
sunny, 72, 95, false, dont_play
sunny, 69, 70, false, play
rain, 75, 80, false, play
sunny, 75, 70, true, play
overcast, 72, 90, true, play
overcast, 81, 75, false, play
rain, 71, 96, true, dont_play

OUTPUT(estimatederror=38.5%):

start

outlook=overcast

outlook=sunny

outlook=rain dont_play

playhumidity <= 75

humidity > 75

windy = true

windy = false

Figure 6. Decision-tree learning. Classified
examples (above) generate the decision tree
(belo w).
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C4.5is aninternationalstandardin machinelearning;most
new machinelearnersare benchmarked againstthis pro-
gram. The algorithm usesa heuristicentropy measureof
informationcontentto build its trees.Theparameterrange
with the most informationcontent(highestentropy) is se-
lectedas the root of a decisiontree. The exampleset is
thendividedupaccordingto whichexamplesdo/donotsat-
isfy the testin the root. For eachdividedexampleset,the
processis thenrepeatedrecursively. A statisticalmeasure
is thenusedto estimatethe classificationerror on unseen
cases.

For example,considerthedecisiontreelearntby C4.5in
Figure6. In thattree,C4.5hasdecidedthattheweatherout-
lookhasthemostinformationcontent.Hence,it hasplaced
outlook nearthe root of the learnt tree. If outlook=rain,
a sub-treeis enteredwhosenext-mostcritical parameteris
wind. We seethat we shouldnot play golf on high-wind
dayswhenit might rain. Note thatC4.5estimatesthat this
treewill leadto incorrectclassifications38.5 timesout of
100on futurecases.We shouldexpectsucha largeclassifi-
cationerrorswhenlearningfrom only 15examples.In gen-
eral,C4.5needshundredsto thousandsof examplesbefore
it canproducetreeswith low classificationerrors. Hence,
whenwebuild trees,weshouldincreasethesamplesizetill
the estimatederror dropsto an acceptablelevel. Figure7
shows the error levels in our 45 treesbuilt from 10-50K
samples:ourerrorsfall to low levelsaftertensof thousands
of samples.Observethatafter

q������>­
, theerrorcurveis flat;

i.e. we learnnothingfurtheraboutthesystem.That is, we
neednot exploreall the(e.g.)

���>�
what-ifsfrom changes2®

in Figure2 (sincemostof thesewhat-ifshavethesameover-
all result).Secondly, we seethatby 50K samples,our trees
areover 6000nodesin size. Humanshave muchdifficulty
readingtheselargetrees.Suchlargetreesneedanautomatic
explanationfacility suchasTARZAN.

5. TARZAN’ s Pruning Methods

This section describesthe pruning methodsused by
TARZAN. Notethat:v Pruningmethod̄�° cullssomeoutput �-§¨��± asfollows:�-§²�`° p ¯[° � �-§¨�`°}³ � � .v �-§²�/´ is initialized to includeall the known rangesof

all theknown variables.v TARZAN returnsthe ranges�-§¨�`µ after applying the
prunings̄ � ¡ ¯¶o ¡	¥¦¥¦¥:¡ ¯�µ .

5.1. Pruning Methods: The Golf Example

The first four pruningmethods̄ � ¥¦¥ ¯ ­ will be demon-
stratedusingthegolf exampleof Figure6.
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Figure 7. Error (top) and size (bottom) in the
45 trees learnt at five diff erent sampling sizes.

start outlook=sunny
dont_play

playhumidity <= 75

humidity > 75

Figure 8. ¯ � pruning: example #1. The golf
tree , after pruning branc hes that contradict
outlook=sunny.

�-§²� � p ¯ � � �-§¨� ´ � : The entropy measureof C4.5 per-
formsthefirst pruning.RecallthatC4.5selectstheparame-
ter rangesfor thetreeusingentropy. Parameterrangeswith
high entropy appearhigh in the tree(e.g. outlook), while
low entropy attributesmay disappearfrom the treeall to-
gether. For example,notethattemperaturehasbeenpruned
from thelearnttreesof Figure6.�-§²� � p ¯ � � �-§¨� � � : ¯ � prunesrangesthatcontradictthe
domainconstraints;e.g. ���L��¸º¹���� � �S�
�L��¸ from Figure2.
Also, whenapplying ¯ � , we prunetreebranchesthat use
rangesfrom thediscardedset. For example,supposesome
golf coursehadweathercontroltechnologyandsowascon-
sideringchangesfor ���L�����/� � ���Q�e� p¼» �L§¨�`�}�{�@½ p ��§¨�Q�Q¾²¿ .
Figure8 showshow this secondpruneusingshrinkthetree
learntin Figure6.�-§²�`À p ¯[À � �-§¨� � � : ¯[À prunesrangesthatdonotchange
classificationsin the trees. For example,in Figure8, the
rangeoutlook=sunnydoesnot appearin somechangethat
altersour golf-playingbehavior.�-§²� ­ p ¯ ­ � �-§¨�`Àn� : ¯ ­ prunesrangesthatarenot inter-
estingto the user, i.e. thosethat arenot mentionedin the�	� � �S�
�{��¸ set( �-§²� ­ p �-§¨� À%Á �	� � �S�
�{�	¸ ).
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5.2. Mor e Pruning Methods: The KC-1 Example

¯ ��¡	¥¦¥:¥ ¯ q apply to singletrees. The remainingpruning
methodstake �-§¨� ­ sgeneratedfrom all thesingletrees,then
appliedthatacrosstheensemble.Theseremainingpruning
methods̄�Â ¥:¥ ¯[µ will bedemonstratedusingoneof oursoft-
wareprojectmanagementexamples;i.e. KC-1 from Fig-
ure2.�-§¨�`Â p ¯�Â � �-§¨� ­ � : ¯[Â prunesrangesthatdonotchange
classificationsin themajorityof themembersof theensem-
ble (our thresholdis 66%). For example,in thecaseof the
KC-1 domainfrom Figure2, we applied ¯ � ¥:¥ ¯[Â to gener-
atea setof rangesthat changerisk classifications.Of the
11 changesfound in KC-1’s �	� � �S�<�{� � set,only 4 ranges
changetheclassificationsin morethan66%of thedecision
trees.Hence,�-§²� Â only contained4 ranges.�-§¨� m p ¯ m � �-§¨� Â � : ¯ m prunesrangesthat arenot sta-
ble, i.e. thoserangesthatarenot alwaysfoundat thelarger
samplesof therandomMonteCarlosimulations.�-§¨�`Ã p ¯�Ã � �-§¨� m � : ¯�Ã exploresall subsetsof �-§¨� m to
reject the combinationsthat have low impacton the clas-
sifications.The impactof eachsubsetis assessedvia how
thatsubsetchangesthenumberof branchesto thedifferent
classifications.For example,Figure9 shows how someof
thesubsetsof therangesfoundin �-§²� m affectKC-1. In that
figure,barchartA1 shows theaveragenumberof branches
to low, medium, andhigh risk seenin the45 trees.For each
subseţÅÄÆ�-§¨� m , we make a copy of the treesprunedby¯ � , thendeleteall branchesthat contradict ¸ . This gen-
erates45 new treesthat areconsistentwith ¸ . The aver-
agenumberof branchesto eachclassificationin thesenew
branchesis then calculated. ¯[Ã would reject the subsets
shown in B1, C1,andB2 sincethesebarelyalterthecurrent
situationin A1.�-§¨� µ p ¯ µ � �-§¨�`Ã�� : ¯ µ comparesmembersof �-§¨�`Ã and
rejectsa combinationif somesmallercombinationhasa
similar effect. For example,in Figure9, we seein A2 that
having moderatelytalentedanalystsandno schedulepres-
sure(acap=[2], sced=[2]) reducesour risk nearlyasmuch
asany largersubset.Exception:C2 appliesall four actions
from KC-1’s �-§²� m set to remove all branchesto medium
andhigh risk projects. Nevertheless,we still recommend
A2, notC2,sinceA2 seemsto achievemostof whatC2can
do,with muchlesseffort.�¶Ç*ÈSµ is reportedbackto theuser. Notethat,in theKC-
1 study, we have found 2 significantrangesout of a range
of É �N�n�>m what-ifsand11 proposednew changes.

TARZAN took8 minutesto processKC-1 ona350MHz
machine. That time was divided equally betweenProlog
codethat implementsthe treeprocessingandsomeineffi-
cient shell scriptsthat filter the Prolog output to generate
Figure 9. We arecurrently porting TARZAN to “C” and
will usebit manipulationsfor setprocessing.We arehope-
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Figure 9. Average number of branc hes to dif-
ferent classifications in the 45 trees in KC-
1, assuming diff erent subsets of the rang es
seen in KC-1’s �-§¨� m set. Legend: =low
risk =medium risk =high risk.

ful thatthisnew languageandsmarterprocessingwill make
TARZAN muchfaster.

6. Other CaseStudies

Theabovetechniquewasappliedto theBJ-1project,i.e.
now3from Figure2. BJ-1is themostmaturesoftwarepro-
gramat NASA (andKC-1 is oneof thenewestprograms).
Over theyears,significantresourceshave beenallocatedto
BJ-1to improve its quality. Thepre-experimentalexpecta-
tion wasthatBJ-1would beassessedasa muchlower risk
project thanKC-1. This was indeedthe case. Nearly all
the branchesremainingafter ¯ � went to low risk. Hence,¯ À returnedvery few non-emptysetsandBJ-1’sprocessing
wasterminatedafter ¯ À .

Our next casestudyusedtheFB-3 project;i.e. ���L�NoN¹�	� � �S�
�{�Lo>Ê from Figure2. FB-3’s currentsituationis the
A1 barchartin Figure10: therearenumerouswaysto high
risk projectsin FB-3. Unfortunately, TARZAN wasunable
to offer risk mitigationstrategies. ��� � �S�<�{�Lo Ê lists so few
possiblechangesthat ¯ ­ always returned. Hence,we de-
cidedto explorethechangesnot mentionedin �	� � �S�
�{�no Ê ,
just to see if there existed useful changesthat we had
missed. In this next study, we used ���L�No�¹Ë�	� � �S�
�{�Lo>® .
This generatedthe largestwhat-if spaceyet processedby
TARZAN (

�����
). �-§¨� ­ containedhundredsof entriesso

we increasedthe ¯ Â thresholdto 100%; i.e. ¯ Â culls any
rangesthat do not changeclassificationsin all trees. This
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Figure 10. Average number of branc hes to
diff erent classifications in the 45 trees in
FB-3, assuming some subsets of �	� � �S�
�{�Lo ®
from Figure 2. Legend: =low risk
=medium risk =high risk.

very strict pruning resultedin �-§¨� Â containing50 items.
Before ¯ Ã explored all subsetsof 50 items, we manually
culled �-§¨�`Â back to six items that we believed would be
inexpensive to change(e.g. we culled changesto process
maturity). The ���L�No�¹Í�	� � �S�<�{�Lo>® study took 2 hoursto
complete.Figure10 shows someresultsfrom the ¯�µ prun-
ing. Notethatsomechangeareclearlyinferior (e.g.C1). If
our userscould toleratemorethantwo changes,we would
recommendeither B2 or C2. Otherwise,if our usersare
seekingtheleastchangefor themostbenefit,wewouldrec-
ommendeitherB1 or A2.

7. Discussion

We have shown that theresultsfrom largescalewhat-if
queriescanbeautomaticallysurveyedandsuccinctlysum-
marizedvia:

Part 1: Identifying the ranges implied by the what-if
queries;

Part 2: Conducting Monte Carlo simulations of some
modelacrossthoserangesto generateexamples;

Part 3: Performingmachinelearningto convert theexam-
plesinto anensembleof decisiontrees;

Part 4: Using TARZAN to find mitigation strategies that
changesclassificationsin a majorityof thetrees.

This techniqueis useful for more thanjust the domain
of softwarerisk mitigation. By swappingthe modelused
in Part 2, we shouldbe ableto apply this methodto other
domains. For example,we arecurrentlyexploring apply-
ing this techniqueto diet andexerciseplanningfor diabetic
patients. We have accessedfrom the world-wide web a
commonly-used15-parametermodelof blood sugarlevels
in humans.This modelis beinginstalledinto Part 2 of our
rig. Using the model,we intend to learn the simplestac-
tion patientsshouldtaketo maintaintheirbloodsugarat the
correctlevel.

This techniquemayalsobeusefulfor morethanjust the
task of automaticallygeneratingplansto improve the be-
havior of a system.TARZAN cansupporta rangeof other
taskssuchasclassification,prediction,diagnosis,monitor-
ing, validation,maintenance,andmultiple-stakeholderre-
quirementsengineeringin uncertaindomains:v Decisiontreelearnerscanauto-generateclassifiersand

predictors.v Decision-treelearnerscangeneratediagnosisknowl-
edgefor detectingfaults if they learnfrom examples
containingfaulty behavior.v TARZAN canalso rationalizeandreducethe costof
monitoring a system. For example, once TARZAN
hasidentified the crucial changeparameters,metrics
collectionon softwareprojectscould be restrictedto
just thosevariables. This could significantly reduce
thecostof metricscollection.v To validatea TARZAN-basedsystem,test engineers
caninspect�-§¨� µ tofind theeffectsof changingkey pa-
rametersin the system.This validationschemecould
fault themodelusedin Part 2 if thetestengineersfind
thatsystembehavior changesinappropriatelywhenthe
key control parameterschange.We envision that this
styleof validationwill becomevery importantto orga-
nizationslikeNASA in thenearfuture.NASA already
has hundredsof simulatorsof flight systems. Such
simulatorsare usedto explore alternatives in system
designandflight profiles.Tools like TARZAN canbe
usedto checkif thosesimulatorsaregeneratingsensi-
bleoutput.
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v TARZAN-based systems are simple to maintain.
Whendomainknowledgechanges,we mustmanually
changethemodelusedin Part 2. However, oncethat
changehasbeenmade,wecanthenautomaticallygen-
erateclassifiers,predictors,diagnosisengines,plan-
ners,validationtools,andmonitors.v As notedabove,TARZAN couldalsoassista commu-
nity of stakeholdersas they debatedifferent method
of implementingtheir classifiers,predictors,diagnosis
engines,planners,monitoring, validation, and main-
tenanceregimes.Whenconflictsarisebetweenstake-
holders,TARZAN canfind whichdecisionsarecrucial
andwhich argumentsdo not impact the system. De-
batescouldthenbeshortenedto just thecrucialissues.v Lastly, the examples presentedhere suggest that
TARZAN canperformtheabovetasksin domainswith
less-than-certaininformation.

What we cannotshow at this time is evidencethat the
softwarerisk mitigationstrategiesfoundaboveactuallyde-
creasesoftwaredevelopmentrisk. Giventhedatafaminein
thesoftwareengineeringindustryin general,andat NASA
in particular, weareunsurewhensuchanassessmentcould
beapplied.While we await anendto thedatafamine,soft-
waremustbe built andprojectmanagersmustmake deci-
sionsbasedon the modelsanddataat hand. In the FB-3
study, we saw that TARZAN could (1) handlelarge scale
what-if queriesto (2) find risk mitigation strategies over-
looked by humans. From the BJ-1 andKC-1 studies,we
saw that(3) TARZAN wasableto distinguishlow risk from
higherrisk projects,evenwhenmany parameterswereun-
known precisely. All three observations suggestionthat
TARZAN could be a useful tool for assessingdecisions
whenfacedwith a poverty of dataanduncertaintywithin
themodels.
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