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1. Intr oduction

In orderto realizereliablesoftwaredevelopment,prob-
lemsin softwaredevelopmentmustbedetectedandavoided
assoonaspossible. Thus,detectingsignsof problemsat
an early stageof the softwareproject is important. Much
researchhasbeencarriedout on the detectionof problem
signsof softwaredevelopmentprojects[2, 3]. This study
shows aneasy-to-useapproachto predictrunaway projects
in anorganizationto achieve reliabledevelopmentprocess.
Experimentalresultsof predictingrunawayprojectsarealso
shown.

2. Predicting Runaway Project by Bayesian
Classifier

Figure1 shows the outline of our approachto makea
Bayesianclassifierto predict runaway projects. First, in
Step1, we designeda questionnaireto be distributed to
projectmembersto collect theassessmentdata.Theques-
tionnaireis constructedbasedon our previous works and
various softwarerisk research[4]. Next, in Step2, the
SEPGdistributedthequestionnaireto projectmembers,and
askedthem to fill out the questionnaire. After they fin-
ishedfilling out the questionnaire,the SEPGcollectedre-
sponsesto the questionnaire.At the sametime, in Step3,
theSEPGdeterminedthesuccessvariableandthevalueof
it for eachdevelopmentprojectfrom availablequantitative
projectdata.Finally, in Step4, weapplythenaiveBayesian
learningto the responsesto the questionnaire,which are
preparedfor the model learning. In caseof prediction,
we apply the learnedmodel to responsesof new projects
andthevalueof successvariableis determinedby obtained
probability.

The naive Bayesianclassificationis an optimal method
of supervisedlearningif the valuesof the attributesof an
exampleare independentgiven the classof the example.
Althoughthisassumptionis almostalwaysviolatedin prac-
tice,recentresearchhasshown thatnaiveBayesianlearning
is alsoeffective in practice[1].
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Figure 1. Bayesian classification

3. Designof the Questionnaire
Thequestionnaireconsistsof 30 questionsto askabout

possiblesignsof problemsin softwaredevelopment.Each
questionmust be filled in the specifiedranks. For con-
structingthis questionnaire,we first quotedthe question-
naireusedin ourpreviousstudy[4]. Wethendiscussedwith
theSEPGmembersin thecompany to beappliedthisques-
tionnaireanddeterminecompany-specificquestions.(See
Table1.)

Table 1. Overvie w of questionnaire
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4. Evaluation with Empirical Data
4.1.Target Projectsand SuccessVariable

The questionnairewas delivered to total 116 project
membersin 19 developmentprojectsin a certaincompany
on July, 2003. The responseswere collectedone month
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later. These19projectsweredevelopmentof softwareprod-
uctsrelatedto thesoftwareprocessimprovementactivities
in this company. Amongthem,15 projectshadalreadyfin-
ishedtheir developmentin 2001and2002,andthe rest4
projectswereon-goingprojectsin 2003.

In this experiment, since SEPGhas to determinethe
valueof successvariable,theprojectsmustbefinished.For
thisreason,weused80responsesin 15projectsin 2001and
2002. A part of collected80 responsesis shown in Table
2. We canseethat someof responseshave blankanswers.
SinceBayesianclassificationallows incompletedatasuch
that someof questionsare left no answer, we canusethe
collecteddataasthey are.

In orderto evaluatethefinal statusof softwaredevelop-
mentprojects,wedefinea subjectivemetricSTATUS which
representswhethera projectis runaway or success.To de-
terminethe value of STATUS, several aspectsof projects
suchascost,quality, anddurationareconsidered.It is eval-
uatedby SEPGmemberswithout referringtheresponsesof
thequestionnairebut consideringquantitativedataobtained
from theseprojects.Theresultof evaluationfor 15 projects
areshown in “ActualResult”columnof Table3.

4.2.Evaluation

In this experiment,we tried to show predictionof STA-
TUS for a project from the projectmember’s responseby
applying naive Bayesianclassifier. In order to show the
effectivenessof the proposedapproach,we performedthe
jackknife methodon the collecteddata. Simply speaking,
we first excludedresponsesrelatedto a certainproject for
testing. Next, we considerthe other responsesas learn-
ing data. Finally, we applied the excluded responsesto
theBayesianclassifierandobtainedpredictedSTATUS for
applied responses.This procedurewas iterateduntil all
projectswerepredicted.

Projectmembersin a projecthave their own opinion of
the problemsignsin their project. Therecould exist dif-
ferent responsesto the questionnairefor a project. Thus,
predictedresultsfrom responsesfor a project could vary.
Wethereforedeterminewhethera projectis runawayor not

with a majority voting of predictedresults.
Table3 shows predictedSTATUS for 80 responses,and

Table3 alsoshows classifiedresultsof predictionfor each
project.Eachrow showsa projectID, its actualSTATUS of
development(Successor Runaway), and resultof predic-
tion by theBayesianclassifierusingresponsesfrom project
members. Grayedrows indicate that the prediction of a
projectis the sameasthe actualresultby majority voting.
For example,project P15 has6 memberswho responded
thequestionnaire.Theresultof predictionbasedon there-
sponsesof 4 membersout of 6 shows thatP15is to besuc-
cess.By majority voting,P15canbeconsideredto besuc-
cess,andthepredictedresultis correctsinceactualresultof
P15wassuccess.Wecanseethat12outof 15projectswere
correctlypredicted.

At thispoint,wecannotstatewhetheror nottheaccuracy
of predictionis goodenough.To do so,we needto perform
moreexperiments.This is our importantfutureresearch.

Table 3. Comparison of actual STATUS and pre-
dicted result
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