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ABSTRACT!?

This paperdescribesan empirical comparisonof severalmodelingtechniquedor predictingthe
guality of softwarecomponent®arlyin the softwarelife cycle.Usingsoftwareproductmeasures,
we built models that classify components as high-risk, i.e., likely to contain faults, or low-risk, i.e.,
likely to be free of faults.

The modeling techniques evaluated in this study include principal component analysis,
discriminantanalysis,logistic regressionjogical classificationmodels,layeredneural networks,
and holographicnetworks. Thesetechniquesprovide a good coverageof the main problem-
solving paradigms: statistical analysis, machine learning, and neural networks.

Using the resultsof independentesting, we determinedthe absoluteworth of the predictive
modelsand comparetheir performancen termsof misclassificatiorerrors,achievedquality, and
verification cost. Data came from 27 software systems, developed anddiigstedhreeyearsof
project-intensiveacademiccourses A surprisingresultis that no modelwas able to effectively

discriminate between components with faults and components without faults.

! This work was partially supported by NASA under grant 01-5-26775 and the Italian MURST under the 40%
project “V&V in software engineering”.



1. Introduction

The constructionof predictive systemsis one of the main purposesof softwaremeasurement.
Predictivesystemdhave beemuilt from productmetricsby applyingdifferentkinds of modeling
techniguesMultiple linear regressioranalysishasbeenusedto predictthe numberof corrective
changeg413, 14]. Discriminantanalysishasbeenappliedto detectfault-pronemodules[16, 19].
Logistic regressiorhasbeenusedfor modelingto identify high-risk component$3, 4]. Principal
componentnalysishasoften beenusedto improvethe accuracyof discriminantmodels[15, 19]
or regressionmodels|[3, 4, 14]. Logical classificationmodels have beerused extensivelyto
identify high-risk modules[3, 4, 20, 21,27] and reusablesoftware componenty8]. Layered
neural networks have already beenapplied to building reliability growth models[11, 12], to
predicting the grosschange[16], and the degreeof reuse[2]. Holographicnetworks,a non-
connectionistype of neuralnetwork, have beerproposedfor predictingsoftwarequality [18].
Empiricalinvestigationhavenot yet beenperformedn the softwareengineerindield but havein
other areas such as financing [28] and manufacturing [10].

Many of the paststudieshavefocusedon predictingthe presenceof faults early in the software
life cycle.Being ableto know just after the coding phase or evendesign,which partsare more
subjectto fail, allows softwaremanagerso focustheir resourceson inspectingor testingthose
error-pronecomponentsThe expectedbenefitis to achievea more reliable productat a lower
cost. However, all the studies have applied a very few candidate techniques (usually two or three).
Furthermorewe cannotdirectly comparethe resultsacrossthe studiesbecauseof the lack of
common evaluation criteria.

Theoriesand modelsbecomeacceptedoy the scientific communitieswhen different researchers
obtainthe sameresultsrunningindependenémpiricalstudies.Thus,we beganthis studywith the
goal of externally replicating these past studies, and thus to undesdtehadnodelingtechnique,
if any, is betterin predicting the fault-pronenesf software componentsOur replication is
characterized by the following features:

» Use of product measures as indirect metrics of software quality
Softwareproductmetricsare very popularas indirect metricsof quality. Most studiesmeasure

both desigrandcodeattributesbut thereis not a uniquesetof productmetricsthatall the studies



use. Our indirect metrics of software quality are essentiallythe sameused by Munson and
Khoshgoftaar [19] to construct their predictive models.

» Reduction of the prediction problem to a classification problem.

A major problemin predictingsoftwarequality usingthe numberof componenfaults asa direct
metric is the highly skeweddistribution of faults, becausehe majority of componentshave no

faults or very few faults. Insteadof estimatingthe number of potential faults in a software
componentye determinewhethera components likely to be fault-proneor not. In this case the

directmetric of softwarequality is the classto which the softwarecomponenbelongs(high-risk
or low-risk), and the prediction model is reduced to a classification model.

» Broader coverage of the modeling techniques already used in practice for classification.
Classificationproblemshavetraditionally beensolvedby variousmethods which originatefrom

different problem-solvingparadigmsstatisticalanalysis,machinelearning,and neural networks.
Statistical methods usually try to find an explicit numerical formula, which determinesa

classificationcompletely.Machinelearningmethodgry to deduceexactif-then-elserulesthatcan
be usedin the classificationprocessThe neuralnetworkparadigmjnsteadof producingformulas
or rules,trainsa neuralnetworkto reproducea given setof correctclassificationexamplesOur

studycompareghe following modelingtechniquesvhich coverall threeclassificationparadigms:
discriminantanalysis,logistic regressionjogical classificationmodels,layeredneural networks,
and holographicnetworks.Principal componentanalysishas also beenincluded as an optional
preprocessing step before applying discriminant analysis and logistic regression.

The nextsectioncharacterizethe softwareenvironmentandthe datausedin the empiricalstudy.
The third section describeshow the modeling techniqueswhere usedto build the predictive
models.The fourth sectionshowsthe criteria that we usedto validateand comparethe models.
The fifth and sixth sectionsreport, respectively,the results of testing our predictive models
againstthe evaluationcriteria, andthe resultsfrom other similar studies.Finally, the last section

summarizes the lessons we learned from this study.



2. Data Description

The datafor this study was collectedfrom projectsperformedby 27 teamsof three students,
during threeyearsof a softwareengineeringcourseat the University of Bari, Italy. Eachteam
developed a business applicatibasedon the samerequirementspecification put independently
designedand codedover a period of 4-10 months.The resultingsoftwaresystemsangein size
from 1100 to 9400 lines of Pascal source code.

From eachsystemwe randomlyselecteda group of 4-5 componentstangingin sizefrom 60 to
530linesof code,for atotal of 118 componentsHere,the term softwarecomponentefersto a
functionalabstractiorof codesuchasa procedurefunction or mainprogram.Eachgroupof 4-5
componentsvas testedby a different studentteam from anothersoftware engineeringcourse.
Faults found during testing were attributed to individual components.

The distribution of faults discoveredduring the independentinit testing,shownin Figure 1, was
heavily skewedin favor of componentswith no faults or only one fault. To build unbiased
classificationmodels,we decidedto havean approximatelyequalnumberof componentsn the
classe%f reliability. Thus, we definedas high-risk any softwarecomponentwhere faults were

detected during testing, and low-risk any component with no faults discovered.
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Figure 1. Distribution of faults per software component



Besideghe fault data,11 softwareproductmetricswere usedas predictorvariablesto construct
the predictivemodels.Table1 showsthe productmetricswe usedin this study. The metricshave
beenselectedo measuréboth the implementationand the designattributesof the components,
suchassize, control flow structure,datastructure,and coupling; one documentatiormetric is

also measured.

Symbol  Name/Description

Sze

LOC Number of lines of code

NCLOC Number of non-comment lines of code

N Halstead program length, where N = N1+ N2 and N1is the total number of ope
Vv Halstead volume, where V = Nlog,n and n = nl = n2 is the program vocabular

Control Flow Sructure

VG McCabe cyclomatic complexity, where VGe= n + 2 for a flowchart witle edges
andn nodes

Data Sructure

n2 Halstead number of unique operands

N2 Halstead total number of operands

Coupling

fanin Henry&Kafura fan-in, where the fan-in of a module M is the number of local flo

that terminate at M, plus the number of data structures from which information
retrieved by M
fanout  Henry&Kafura fan-out, where the fan-out of a module M is the number of local
flows that emanate from M, plus the number of data structures that are update
IF Henry&Kafura information flow, where IF = (farifanout}

Documentation

DC Density of comments, where DC = CLOC / LOC and CLOC is the number of
comment lines of program text

Table 1. Predictor variables



3. Building the Predictive Models

For eachof the 118 componentswe had 11 productmetricsand the risk classresultingfrom
testing. We divided the dasetinto two groups.Two thirds of the component$79 observations)
were randomly selectedto createand tune the predictive models. The remainingthird of the
component$39 observationsprovidedthe datato testthe models.Fromnow on, the first group
of observations will be called the training set, and the second one the testing set.
Therearemanywaysto build a predictivemodelusinga given modelingtechnique We describe
our implementationchoices to make possible the replication of the experimentin other

environments as well as improvement in the application of the techniques.

3.1 Principal component analysis

Linear modelingapplications suchasregressiorand discriminantanalysis,can produceunstable
modelswhen the independentariablesare strongly related.In this case,principal component
analysisis appliedto reducethe dimensionsof the metric spaceand obtaina smallernumberof

orthogonal domain metrics [7].

In our study, the principal componentanalysisappliedon the elevenproduct metrics produced
threedistinct complexity domains,having eigenvaluegreaterthan0.9. In Table2, eachcolumn

showsthe degreeof relationshipbetweenthe elevenmetricsand the three orthogonaldomains.
Valuesin bold print indicate which domaindominatesa metric. Domain 1 includesthe metrics
measuringmplementatiorattributes,domain2 containsthosemetricsrelatedto designattributes,
and domain 3 consistsof the only metric that was intendedto capturethe documentation
characteristicsThe three principal componentsaccountfor 85 percentof the variability in the

elevenmetrics. For eachsoftwarecomponentof our dataset, the valuesof the three domain

metrics were derived and used as input to discriminant analysis and logistic regression.



Metric Domain 1 Domain 2 Domain 3

Vv 0.98338 0.07621 -0.04700
N 0.98209 0.09208 -0.04874
LOC 0.97486 0.07603 -0.02989
NCLOC 0.97448 0.06976 -0.05521
N, 0.95392 0.11957 -0.06178
v(G) 0.87488 0.19214 -0.01642
N, 0.73870 0.01342 -0.00998
fanout 0.16845 0.88696 0.01091
IF -0.01610 0.85161 0.02215
fanin 0.12539 0.82472 -0.12569
DC -0.07395 -0.06408 0.99215
Eigenvalues 6.30601C 2.10208¢ 0.980321

Table 2. Rotated factor pattern

3.2 Discriminant analysis

Discriminant analysisdevelopsa discriminantfunction or classificationcriterion to place each
observatiorninto oneof a setof mutually exclusivegroups[7]. It requiresthatthereexistsa prior
knowledge of the classes,in our caselow-risk and high-risk components.To develop the
classificationcriterion, we useda parametricmethodthat usesa measureof generalizedsquare
distanceandis basedon a pooled covariancematrix. Using the generalizedsquaredistance,a
posteriori probability of an observationbelongingto one of the two groupsis computed.An
observations classifiedinto the groupwith the greatesprobability of membershipWe built two
differentdiscriminantmodels:the first one,applyingdiscriminantanalysisdirectly on the original
elevenproduct metrics,and the secondone, using as input the three domain metrics obtained

from the principal component analysis.



3.3 Logistic regression

Logistic regressionrefers to an analysisthat computesthe probability of class membership

according to the following equation [1]:

| Dﬁp o+ 3o
(0] cC,+ ) cClKX
g _ pD 0 & i i
where p is the probability that a software componentis high-risk, and x; are the predictor

variables. The regression coefficiegtare computed through a maximume-likelihood estimation.

As for the discriminantanalysis,two regressiormodelswere built: the first oneis basedon the
elevenproduct measureswhile the secondone usesthe three domain metrics that have been

generated from the principal component analysis.

3.4 Logical classification models

Logical classificationmodelsare classifiersthat can be expresseds decisiontreesor sets of
productionrules. They are generatedhrougha recursivealgorithmthat selectsmetricsthat best
discriminate between components within a target class and those outside it. To autorbatidally
the classificationmodelwe usedthe C4.5 system[23], a variationon the ID3 system[22]. The
C4.5systempartitionscontinuousattributes,in our casethe indirect metricsof reliability, finding
the bestthresholdamongthe set of training cases.The recursivepartition methodcontinuesto
subdividethe training setuntil eachsubsein the partition containscasef a singleclass,or until

no testoffers any improvement.The decisiontree wastransformednto a collectionof rules,by
removing the conditions thaterenot helpful for discriminatingbetweerclasseandby excluding

rules that did not contribute to the accuracy of the set of rules as a whole.

3.5 Layered neural networks

We used a typical feed-forward neural network [24], characterizedriexperimenby oneinput

layerof elevenneuronsgachconnectedo a productmetric,oneoutputlayerof only oneneuron
that providesthe predictedrisk, and one layer of fifty hiddenneurons.Among the supervised
algorithms we chosethe most popular one, the back-propagatioralgorithm, which adjusts

network weights by iteration until a user-definederror toleranceis achievedor a maximum



number of iterations has beeompletedThe networkweightswereinitially setto randomvalues
between1.0and1.0 usinga sigmoiddistribution.We trainedthe networkwith a valueof 0.1 for
the error tolerance,1 for the learningrate, and 0.7 for the momentumrate. We stoppedthe
training after 9000 iterations with 78 recognized observations over 79.

Sincethe network’sinput andoutputareboundedbetweer0 and1, we reducednput datausing
a direct scaling.Whentestingthe network, we increasedhe error toleranceto 0.5 so that low-
risk componentxorrespondo observationsvith an outputvalue in the first half of [0, 1] and

high-risk components to observations with an output value in the second half.

3.6 Holographic networks

With holographicnetworks,informationis encodednside holographicneuronsratherthanin the
connectionweightsbetweenneurong29]. A holographicneuronholdsa correlationmatrix that
enables memorizing stimulus-responseassociations. Individual associations are learned
deterministicallyin one non-iterativetransformation.Holographicneuronsinternally work with

complex numberg polar notationso that the magnitude(from 0.0 to 1.0) is interpretedasthe
confidence level of data, and the phase (from Ggcs2rves as the actual data value.

In our study, input data were convertedto the range[0, 2m] using a sigmoid function and
interpretedasphaseorientationof complexvalueswith a unity magnitudeOn the otherhand,the
responsewas convertedusing a linear interpolation. Theseconversionmethodsprovided the
maximumsymmetryin the distribution of data.We trainedthe network to obtain a maximum

error of 0.1 for each observation.

4. Evaluation Criteria

To evaluatethe predictive modelswe useda set of criteria that are basedon the analysisof
categoricabata.In our studywe havetwo variablesyrealrisk andpredictedrisk, thatcanassume
only two discretevalues,Jow andhigh, in a nominalscale.Thusthe datacanbe representedy a
two-dimensionatontingencytable,shownin Table 3, with onerow for eachlevel of the variable
real risk and one columnfor eachlevel of the variable predictedrisk. The intersectionsof rows

and columnscontain the frequencyof observationgn;) correspondingo the combinationof



variablesRow totals(n,.) andcolumntotals(n,;) correspondo the frequencyof observationgor

eachof the variables.In our context,the first row containslow-risk componentsij.e., with no
faults, while the secondrow containshigh-risk componentsincluding at leastone fault. The first
column containscomponentsthat the models classify as low-risk, while the secondcolumn
contains components classified as high-risk.

The evaluation criteria are predictive validity, misclassificationrate, achieved quality and
verification cost. We use the criterion of predictive validity for assessmentvsaabeterminehe
absoluteworth of a predictivemodel by looking at its statisticalsignificance A modelthat does
not meetthe criterion of predictivevalidity shouldbe rejected.The remainingcriteriaareusedfor

comparisonaking into accountthat the choicebetweenthe acceptednodelsdependdrom the
perspectiveof the softwareengineeringmanager.In practice one might be more interestedin

achievingbetterquality evenat a high verification cost,or be satisfiedwith lower quality, sparing
verification effort.

Predicted Risk

Real Risk low high
low N, N, n,.
high Ny, Ny, N,.
n., n., n

Table 3. Two-dimensional contingency table

4.1 Predictivevalidity

Predictivevalidity is the capability of the modelto predictthe future componentoehaviorfrom
presentand pastbehavior.The presentand pastbehaviorare representedby datain the training
setwhile the future behaviorof componentss describedby datain the testingset. Having data
representetby a contingencytable,we apply the predictivevalidity by testingthe null hypothesis
of no associatiorbetweenthe row variable (real risk) and the column variable (predictedrisk),

i.e., the predictive model is not able to discriminate low-risk componentsfrom high-risk
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componentsThe alternativehypothesiss one of generalassociationA chi-square(x? ) statistic

[6] with a distribution of one degree of freedom is applied to test the null hypothesis.

4.2 Misclassification rate

For our predictive models, which classify componentsas either low-risk or high-risk, two
misclassificationerrors are possible.A Type 1 error is made whena high-risk componentis
classifiedaslow-risk, while a Type 2 whena low-risk components classifiedas high-risk. It is
desirableto have both types of error small. However, since the two types of errors are not
independentsoftware engineeringmanagersshould considertheir different implications. As a
resultof a Type 1 error, an actual high-risk componentcould passquality control. This would
causethe releaseof a lower quality productand more fix effort when a failure happensAs a
resultof a Type 2 error, an actuallow-risk componentwill receivemore testingand inspection
effort than needed.

In the contingencytable,the numberof Type 1 and Type 2 errorsis given, respectively by n,,
andn,,. We use the following measures of misclassification [26]:

» Proportion of Type 1P, =n,, /n

« Proportion of Type 2P, =n,,/n

* Proportion of Type 1 + Type P, = (n,; +n;,) /'n

4.3 Quality achieved

We are interestedn measuringhow effective the predictive modelsare in termsof the quality
achieved after the components classified as high-risk have undemgexieaverification activity.
We supposehatthe verificationwill be so exhaustiveasto find all the faults in the components
that are actually high-risk. So if all the high-risk componentsare properly classified,all defects
will be removedby the extraverification, and perfectquality will be achieved However,quality
will be degraded with each high-risk component that is not identified.

We measurehe criterion of achievedquality using the completenessneasurg3] which is the
percentage of faulty components that have been actually classified as such by the model.

« CompletenesC =n,,/n,,

11



4.4 Verification cost

Quiality is achievedby increasingthe costof verification dueto an extraeffort in inspectionand
testingfor the componentshat have beerflaggedashigh-risk. We measurehe verification cost
by usingtwo indicators.Theformer,inspection26], measureshe overallcostby consideringhe
percentag®f componentshatshouldbe verified. The latter, wastedinspectionjs the percentage
of componentsthat do not contain faults but have beenverified becausethey have been
incorrectly classified.

* Inspection! =n,,/n

« Wasted InspectionM =n,,/n,,

5. Reaults

We applied the evaluation criteria on the testing set and analyzed the resulting data.
Table4 showsthe association®f the predictionsand the real behaviorof the componentsThe
rightmosttwo columnsshow the chi-squarevaluesand the probabilitiesof incorrectly rejecting
the null hypothesisthat is incorrectly saying that thereis a significant association.The most
popular probabilityvalueusedasa thresholdto establishsignificanceis 0.05.If p is lessthan0.05
thereis a significant associationand it is correctto reject the null hypothesis.Since all the
probability valuesaremuchhigherthan0.05we mustaccepthe null hypothesisof no association
between predicted risk and real risk.

Table5 showsthe resultsof comparingthe predictive modelsto eachotherwith respectto the
remainingcriteria. All the dataare representeds percentagesrThe first three columnsof data
show the misclassification rates. Recall that a random prediction should have a proportion of Type
1 + Type 2 erroref 50 percentandproportionsof Type 1 andType 2 errorsof 25 percenteach.
In this study the proportionsof Type 1 + Type 2 errorsrangesbetween46 and 59 percent.
Discriminant analysis and logistic regression,when applied in conjunction with principal
componentanalysis,have high proportionsof Type 2 error (respectively41l and 46 percent)in
comparisonwith the proportionsof Type 1 error (respectivelyl5 and 13 percent).On the other
hand, the othemodelshavebalancedsaluesof Type 1 andType2 error,rangingbetweer20 and

28 percent.
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Modeling Techniques X2 o'

Discriminant analysis 0.244  0.621

Principal components + Discriminant analysis 0.685  0.408

Logistic regression 0.648 0.421
Principal components + Logistic regression 1.761 0.184
Logical classification model 0.215 0.643
Layered neural network 0.648 0.421
Holographic network 0.227 0.634

p" is the probability of incorrectly rejecting the null hypothesis (no association)

Table 4 Assessment of predictive models

Misclassification Achvd| Verification

rate quality cost
Modeling Techniques P, P, Pi, C I W
Discriminant analysis 28.21 25.64 53.85 42.11 46.15 55.56

Principal comp. + Discriminant analysii 15.38 41.03 56.41| 68.42| 74.36 55.17
Logistic regression 28.21 28.21 56.41 42.11 48.72 57.89

Principal comp. + Logistic regression | 12.82 46.15 58.97| 73.68/ 82.05 56.25

Logical classification model 25.64 20.51 46.15] 47.37] 43.59 47.06
Layered neural network 28.21 28.21 56.41 42.11 48.72 57.89
Holographic network 25.64 28.21 53.85 47.37| 51.28 55.00

Table 5 Comparison of predictive models
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Looking at the achievedquality and verification costresults,it is possibleto betterinterpretthe
misclassificationresults. The highest values of quality correspondto the models built with
principal componentanalysis followed by either discriminant analysis or logistic regression
(completeness is, respectively, 68 and 74 percent). However, thesaligsof achievedjuality
are obtained by inspecting the great majority of components (inspection is, respectiaelg824
percent), thus wasting more than one half of the verification effort (wasted inspectionis,
respectively 55 and 56 percent).None of the other modelsdiscoversevenhalf of the high-risk

components and waste nearly half or more of the verification effort.

6. Related Work

Some empirical studies, relevant to this work, are summarized in the following.

Briand et al. [4] presentedan experimentfor predictinghigh-risk componentsisingtwo logical
classification models (Optimized Seeductionandclassificationtree)andtwo logistic regression
models(with and without principal components)Designand code metricswere collectedfrom
146 components of 260 KLOC system OSRclassificationaverefoundto bethe mostcomplete
(96 percent)and correct (92 percent),where correctnesss the complementof our wasted
inspection.The classificationtree was more complete(82 percent)andcorrect(83 percent)than
logistic regressiommodels.The useof principal componentamproved the accuracyof logistic
regression, from 67 to 71 percent completeness and from 77 to 80 percent correctness.
Porter [20] presentedan application of classification trees to data collected from 1400
componentsof six FORTRAN projectsin a NASA environment.For each component,19
attributes were measured, capturing information spanning from design specifications to
implementation.He measuredthe mean accuracyacrossall tree applicationsaccording to
completeness (82 percent) and toplkecentag®f componentsvhosetargetclassmemberships
correctlyidentified (72 percent) thatis the complemenof the Proportionof Type 1 and Type 2
error.

Munson and Khoshgoftaar[19] detectedfaulty componentsby applying principal component
analysisanddiscriminantanalysisto discriminatebetweenprogramswith lessthanfive faults and

programshaving five or more faults. The data set included 327 program modulesfrom two
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distinct Ada projects of a commandand control communicationsystem. They collected 14
metrics, including Halstead’smetrics togetherwith other code metrics. Applying discriminant
analysiswith principal componentgesultedin correctly recognizing79 percentof the modules
with a total misclassification rate of 5 percent.

Khoshgoftaaret al. [15] againappliedprincipal componenianalysisand discriminantanalysisto
identify fault-pronemodules(moduleswith five or more faults) in a large telecommunications
system. They used 1980 modules consistintPdfnew, 917 reusedout modified,and869 reused
without modification. For productmetrics,they used3 call-graph-basednetricsand 6 control-
flow-graph-basednetrics. They also usedreuseinformation as additional categoricalpredictor
variables.They classified38.0 percentof the modulesasfault pronewhenusing productmetrics
only, and 31.4 percentwhen including the reusevariablestoo. The real percentageof faulty
moduleswas12.1 percent.The Proportionof Type 1 error (Type Il misclassificatiorratein their
study)was21.25percentwith productmetricsonly, and13.75percentwith alsoreusevariables.
The Proportionof Type 2 error (Type | misclassificatiorrate in their study) was, respectively,
32.4percentand23.8 percentFinally, the Proportionof Type 1 andType 2 error combinedwas

31.1 percent using only product metrics and 22.6 including the reuse variables.

7. Lessons L ear ned

This empiricalinvestigationof the modelingtechniquedor identifying high-risk componentsas
taught us three main lessons:

* Principal component analysis does not always produce a better input for predictive models.
In our study, we built two classification models for both discriminant analysis and logistic
regressionThefirst pair of modelswasbasedon the elevenoriginal productmeasureswhile the
secondpair usedthe threedomainmetricsthat hadbeengeneratedrom the principal component
analysis.An unexpectedesultof the modelsusing orthogonaldomainmetricsis that the good
performancen achievedquality wasexclusivelythe resultof classifyingmanycomponentdo be
high-risk.
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» Itis not always possible to successfully predict the future behavior of software products.
Despite the variegatedselectionof modeling techniques,no model satisfied the criterion of

predictivevalidity, thatis no modelwasableto discriminatebetweencomponentsvith faultsand

componentsvithout faults. This resultis in contrastwith the software measuremenliterature
which always reports successfulresults in recognizingfault-prone componentsfrom product
measures. The previous section provides some examples.

» Predictive modeling techniques are only as good as the data they are based on.

The relationship between software product measuresand the presenceof faults cannot be

consideredan assumptiorthat holdsfor any datasetand project. An assumptions a statement
that is postulatedto be true without the needto be verified. Pastpositive findings at showing

correlation betweenproduct measuresand numberof faults have built a confidencethat this

relationshipis a generalproperty. However, the underlying phenomenaontinueto be poorly

understoodand we do not really know what findings can be reusedacrossenvironmentsand

projects.Whereaghe researchunderlyingthe validationof softwareproductmeasuressinternal

attributes of software quality is not novel, it is only within the pastyfearsthatresearcherbave

begunto worry abouta rigorousandlocal validation[5, 9, 17, 25]. Predictivemodelsare very

attractiveto build but they can be a wasteof time if we rely on false assumptionsnsteadof

building a local process for selecting valid predictors.
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