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Abstract

In this paperwe presenthe resultsof two measuement
programs, that were aimedat investigatingpossiblecost
drivers for softwae maintenance The two measuement
programswere implementedn the softwae maintenance
department®f two differentorganizations.Both programs
were setup in roughlythe sameway, We usestandad sta-
tistical tecdhniques- principal componenanalysisandmul-
tiple regressiomanalysis— to analysethe datasets Surpris-
ingly, with oneof the datasetsve are ableto explain a fair
amounbfvariancein theeffort, whilewith theotherdataset
we canexplain mud less. From a closerinspectionof the
different environmentswe conjectue that the existenceof
a consistenthyappliedprocesss an importantprerequisite
for a successfuineasuementprogram. In addition, if the
processexistsin multiple variants, it is importantto know
which variantis appliedwhen.
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1. Intr oduction

Oneof the mary difficult aspectf softwareengineer
ing, including software maintenanceis the estimationof
effort neededo build, corrector enhancea software sys-
tem. Organizationshatwishto improvetheirplanningneed
to investigatewhich factorsinfluencetheir maintenancer
developmentprocesanost. Generally in immatureorgani-
zations little is known aboutthesefactors. In thesecases,
measuringpossiblecostdriversis the only way to find out
which factorsinfluenceeffort. However, measurementan
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bequiteexpensve,someasuringverythingin sightis prob-
ably notanadequatsolution. Thequestionis whatto mea-
sure,andwhatnotto measure.

In this paperwe investigatdwo measuremergrograms
thatwerebothaimedatidentifying possiblecostdriversfor
software maintenancehangerequests.The measurement
programswere implementedn the software maintenance
department®f two differentorganizations.Both theseor-
ganizationsvereimmaturein thattherewaslittle or no a
priori qualitative or quantitatve dataon maintenanceost
drivers.

Both programsweresetup in roughlythe sameway. A
principalcomponentnalysisof thedatasetsevealsthatthe
main factorspresentin the two datasetsre very similar.
Surprisinglythough,we are ableto explain a fair amount
of variancein maintenanceffort for oneof thesedatasets,
while we utterly fail to do sofor the otherdatasetA closer
inspectiorof thedifferentmaintenancervironmentshavs
that neitherorganizationappliesone defined,maintenance
processThisturnsoutto beno problem,aslongasthepro-
cessis appliedconsistentlyandwe know which variantof
the maintenancerocesss executedwhen. We conjecture
thatthesearemajorprerequisiteor a successfumeasure-
mentprogram.

This paperis structuredasfollows. In the next section,
we give anoverview of relatedresearchNext, in section3
we describethe implementationof the two measurement
programsln sectiord we presenbur dataanalysisandthe
resultsthereof.In section5 our conclusionsandindications
for futurework aregiven.

2.Relatedreseach

As describedn the previous section,we are interested
in improving insight in the cost drivers for maintenance
changerequests.If we turnto empiricalresearcton soft-
ware maintenanceo identify potential cost drivers, we
have to discriminatebetweerdifferentlevelson which cost
driverscanbe found. We call thesethe macro,mesoand
micro level of softnaremaintenance:



Macro level This level is comprisedof the total life-cycle
costsor total maintenanceostsof a softwaresystem.
An example of researchon this level is Gefenand
Schnebeager [4], who look at the distribution of dif-
ferenttypesof software modificationsduring the life
cycle of asoftwaresystem.

Mesolevel Costs of maintenancereleasesor large en-
hancements For example,Basili et al. [2] reporton
their efforts to developa modelto estimatethe costof
maintenanceeleases A distinctionis madebetween
differentmaintenancehangetypesand maintenance
actities. For a subsebf 21 enhancementleasesa
modelis fitted that predictsreleasesffort from source
linesof codeaddedchangedr deleted.

Micr o level Thecostsof individual maintenancéasks.

Focusingonthethird catayory, we seethatthereis alarge
numberof differentcostdriversbeinginvestigatedWe give
afew examples:

Maintenancetype Most researchon software mainte-
nancetasks takes the type of the maintenancdask
into account. For example, Jggensen[7] testsser-
eralhypothesesn a datasebf 124 maintenanceéasks
from a large Norwegian compary. Among his find-
ings is that corrective maintenanceaskscostfour to
five timeslesseffort thanadaptve, perfectize or pre-
ventive tasks. Similar resultsare reportedby Abran
andNguyenkim[1], who looked at the distribution of
effort acrosscorrectve, adaptve, perfectve anduser
supportactiities in alarge Canadiarfinancialinstitu-
tion. Their findingssuggest differencebetweercor-
rective maintenancéasksontheonehandandadaptve
andperfectve onthe other However, thedifferenceis
notaslargeasin [7].

Complexity Jggensen7] also reportson the difference
betweentasksconsideredo be of high andlow com-
plexity. The 12% taskswith a high compleity took
25%of thetotal effort, while the48%taskswhichwere
consideredo beof low compleity, costed?0% of the
total effort.

RequirementchangesHenry et al. [6] presentexamples
fromameasurement-basethintenancerocessetup
atLockheed-MartinThey show how thenumberof re-
guirementshangeshatoccurduringthe maintenance
processanbeusedto improve effort estimates.

Size In [8], we examinedfunction point dataconcerning
the maintenancef a large administratve information
system. We found that the size of the software com-
ponentchangedvasmoreimportantthanthe function
pointmodelusedimplied. Adjustingthe modelto our
findingsimprovedthe modelconsiderably

And more... Many more maintenanceask characteris-
tics have beeninvestigated.For example,Evancol3]
identifiesthreedeterminantsor fault correctioneffort:
faultlocality, characteristicef the defective software
componentsaind the cumulatize changesnadeto the
software. Jggensendivides maintenanceasksinto
severalcatgyoriesdependingnthetypeof changehat
wasmadeto thecode.Thisexplainssomeof theeffort,
for example, the 20% of the tasksthat were mainly
concernedwith introduction or deletion of modules
took 40% of thetotal effort.

Althoughalarge numberof costdrivershasbeeninves-
tigated, theredoesnot seemto be a consensu®n which
characteristicef maintenancéasksarethe mostimportant
costdrivers.

3. Two MeasurementPrograms

In section3.1, we give a characterizatiowf the two or-
ganizations. In section3.2, we describethe differentsteps
that were taken to implementthe measuremerprograms.
Section3.3present&noverview of thedatathatweregath-
ered.

3.1 The organizations

OrganizationA

The first organization,which we will call organizationA,
isthelT departmenof alargeorganizationresponsibldor
carryingout partof the Dutchsocialsecuritysystem As of
thebeginningof 1996 theorganizatiorhasbeensplitinto a
non-profitpublic body anda privatefor-profit organization
— partof whichis the IT department.n the future,the IT
departmentvill have to competewith third parties. How-
ever, atthemomentthis is notyetthe caseandthe majority
of the customer®f thelT departmenarestill departments
from the non-profitsibling organization.

ThelT departmentonsistof severalunits,oneof which
containsthe so-calledproductteams. Eachproductteam
develops,maintainsand supportanultiple systemdor one
(departmenbf the) customer Eachteamis furtherdivided
into differentgroupsthat eachmaintainseveral of the cus-
tomers information systems. Our measuremenprogram
wasintroducednto threeof the eightproductteams.

Eachproductteamconsistof about20 to 30 engineers.
Eachgroupin a productteamis stafed with betweenone
andfive people.Contactswith the customemrehandledby
the teammanagersand groupleaders. The customersub-
mits changerequestghat are analyzedby the responsible

1Thetwo organizationslescribecherearereferredto asorganizationC
andD in [9].
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Figure 1. Maintenance releases at organiza-
tion A

teammanagepr groupleader Thechangeequestarethen
implementedcanddeliveredin the next releaseasdisplayed
in figure 1. Notethatthecontractfor release: + 1 canonly
befinalizedwhenall of its changehave beenanalyzedcand
agreedupon. This pointin time roughly coincideswith the
delivery of releasen. Most systemshave threeor four re-
leasegeryear, with betweenoneandten changerequests
perrelease.

Officially, changerequestaindego five distinct phases
beforedelivery, seefigure 2. However, during the imple-
mentationof the measuremenprogramit turnedout that
the preparatiorand functional designare usually doneby
the sameperson the groupleader The samegoesfor the
technicaldesignand building, which are usually doneby
the sameengineer Therefore groupleadersandengineers
oftendo not know how muchtime they have spenton each
of thesephaseswhich makesit hardto distinguishbetween
them. In our analysis,we will thereforeusethreephases,
indicatedby a shadedbackgroundn figure 2: (1) analy-
sis which consistf preparatiorandfunctionaldesign(2)
coding whichis the sumof technicaldesignandbuild, and
(3) testing.

In oneof thethreeteamsthe testingof changerequests
was not done by the engineersn the team, but was out-
sourcedo a separatéestteam.

OrganizationB

OrganizationB is the IT departmenbf a large Dutch in-
dustrialorganization.ThelT departmentonsistof several
units, oneof which — the applicationsunit — is responsible
for the developmentand maintenancef the administratve
andprocess-contraystemghattheorganizatioruses.The
measurement®ok placeat two of thethreesulunitsof the
applicationsunit. Eachsulunit is stafed with 20to 30 en-
gineers.

For eachof theinformationsystemsthereis aninterme-

diary betweenthe client and the maintenancalepartment,
seefigure 3. This intermediaryis locatedat the client site.
He or sheis responsibldor phrasingthe changerequests.
Theintermediaryis in directcontactwith theprogrammeat
thelT departmentvho maintainghe systemsof his depart-
ment. Theamountof analysisanddesigndoneby theinter
mediaryvariesper system:someintermediarieshangehe
functionaldocumentatiothemseles,othersgive aninfor-
maldescriptiorof thechangeandleaveit upto theengineer
to changethe functionaldocumentationWe only collected
the effort spentby the engineersnot the intermediariesas
indicatedby theshadedoxin figure 3.

Budgetsfor maintenanceare allocatedper systemper
year Changerequestsareimplementedtestedanddeliv-
eredoneby one,asopposedo beinggroupedn releases.

3.2 Implementing the measurementprograms

Eachmeasurememrogramwassetup by a (different)
graduatestudent.The goal of both measuremernirograms
wasto gaininsightinto maintenanceostdrivers,in order
to supportthe estimationandplanningof software mainte-
nancetasks.The measurementrogramshada durationof
about7 months.

Both studentaisedthe samestepsto implementthe pro-
gram:

1. Modelthe maintenanc@rocesses.

. Determindik ely maintenanceostdrivers.

. Developformsto collectthedata.

. Collectthedataby ‘walkingaround’.

. Useflyersto provide feedbacko theengineers.
. Analysethedata.

N o o~ WON

. Presenthe conclusiondo the engineerandmanage-
ment.

During the first step, the studentsdrew up a process
modelof themaintenancerocessisedn theorganizations.
They basedheirmodelmostlyonintervievswith managers
and engineers. In neitherorganizationa formal standard
processxisted. The studentsvereableto derive adefacto
standarcprocesghatwasmoreor lessusedby all theengi-
neers However, differentgroups evenwithin the sameunit
or team, would executedifferent variantsof the de facto
standargurocess.

In the secondsteplikely drivers of maintenanceosts
were determined,basedon literature researchand inter-
views with managerandengineers.The upperpartof ta-
ble 1 shaws the costdriversmentioned(indicatedby a +/)
by engineerandmanagement.

It is surprisingthat size attributeswere not mentioned
as possiblecost drivers. Becauseboth organizationsuse
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Costdriversmentioned. . ... in organization:
Type of maintenanceactvity (correctie,
adaptive,etc.)

Changingrequirements

Work neededo corvertdata

Changediseof thedatabase
Userinterfacechange
Codestructurednesseadability andquality
Experienceof theengineewith thecode
Kind of databaseised

Relationshipwith otherapplications
Relationshipwith otherchangerequests
Readability completeness;larity, andstruc-
ture of thedocumentation

Availability of testsets

Testsperformed

Complity of thechange

Sizeof thecodeto bechanged

Sizeof thechange
Applicationcharacteristics
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Table 1. Candidate cost drivers

sourcecode versioncontrol systems and thus the source
codeand changego the codeare easily available, it was
decidedo alsocollectsourcecodesizemetrics.

It wasdecidedto not gatherapplicationcharacteristics,
suchas e.g. programminglanguage size of the applica-
tion, numberof users,etc. Onereasonis that application
factorswere not mentionedas possiblecostdriversin the
interviews. Moreover, the numberof changerequestgper

applicationwould be relatively small — betweenone and
ten. This makesit difficult to accuratelycomparethe in-
fluenceof applicationcharacteristicen the effort to imple-
mentchanges.

Using the possiblecostdrivers, the studentsdeveloped
forms to collect the data. In both organizations,engi-
neergegistertheirhoursusinganeffort registrationsystem.
However, in organizationA, the effort is not registeredper
changerequestput perrelease.So, in organizationA, the
hoursplannedand spentper changerequesteededo be
registeredon the forms. In organizationB, this wasunnec-
essary sincethe hoursper changerequestwere available
from the effort registrationsystem. In both organizations,
code metricswere gatheredafter the changeswere com-
pleted,usingtheversioncontrolsystems.

Next, the forms were handedout to the relevant man-
agersand engineersin the organizationto be filled in.
Knowing exactly who was working on which changere-
guest, the studentregularly visited thesepersonsto see
whetherthe changerequestsvereready This guaranteed
theformswould befilled in andcollectedtimely.

During both projects,feedbackwas given using flyers
with informationaboutthestatusof theprojectandinterme-
diateresults. At the endof the projectsboth studentgper
formeda preliminary dataanalysis,using statisticaltools,
and presentedhoseresultsto the peopleinvolved in the
measuremergrograms.
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3.3 The datasets

Organization A

The datasebf organizationA containsinformation about
84 changeequestgoncernindl3differentinformationsys-
tems.Of thesel3 systems12 arewrittenin Cobol,andone
systembothin Cobolandwith Powerhuilder. For 18 change
requestspnly thefirst phase(analysis)wasperformed,.e.

the actualimplementationvas either canceledor deferred
to a later release. For 46 of the 57 changerequestshat

werebothcompletedandconcernedCobolonly, codemet-

rics were gatheredfrom the versioncontrol system. For

eachchangerequesthe following attributesweregathered
by useof theforms:

Functional Design Doesthefunctionaldesignremainun-
changedis it changedor is it to be newly designed
(functional design).

Database This attribute indicateswhetherthe structure of
theuseddatabaséasto bechangedlueto thechange.
Sincethishappeneanly twice,wedid notincludethis
attributein ouranalysis.

Complexity The plannerswere asled to assesshe com-
plexity of the changeon a five-point-scale ranging
from very simpleto very difficult (complexity).

Screens The numberof nev screensand the numberof
screenschangeddue to the changerequest(screens
changed andscreens new).

Lists Listsareoutputof batchprogramshatprovide infor-
mationto the useraboutthe processingof the batch
jobs. Like screengrovide the userinterfacefor inter-
active programs)lists provide the ‘user interface’ for
batchprograms.

A list providesinformationaboutthe numberof trans-
actionsprocessedanoverview of thetransactiongro-
cessed,an overview of transactionghat failed, an
overview of databasdablesused,etc. We measured
the increaseof the numberof lists (lists new) andthe
numberof lists thatwerechangedlists changed).

Files Files areall configurationitemsin the versioncon-
trol system excludingdocumentationExamplesare:
COBOL programfiles, COBOL modulefiles, job con-
trol files, record definitions and screendefinitions.
COBOL programsare COBOL files thatresultin an
executableprogram. Programsimplementthe main
flow-of-control of the system.COBOL modulescon-
tain codethatis used(‘called’) by programsor other
modules.

Informationaboutthe numberof files thatwereto be
deletedchangedr addedn thecourseof achangee-
quest(files deleted, files new, files changed) wascol-
lected. We also separatelyasked for the numberof
programsand modules(programs deleted, programs
new, programs changed, modules deleted, modules
new andmodules changed). Notethatin generalpro-
grams changed + modules changed < files changed,
becausef othertypesof files that are changedalso.
Examplesarejob controlfiles andrecorddefinitions.

Using the versioncontrol system,we also measured
the total size (in lines of code)of the changedfiles
(files loc), andseparatelpf thechangegrogramsand
changednodulegprograms loc andmodules loc). We
did the samefor new files (files new loc, programs new
loc andmodules new loc). We alsomeasuredhe size
of the changeby comparingthe old andnew versions
of files usingthe UNIX programdi f f . This results



in two measuresthe numberof lines addedandthe
numberof lines deleted. Again, thesemeasuresvere
taken for all files together(files loc added and files
loc deleted) and separatelyfor programs(programs
loc added and programs loc deleted) and modules
(modules loc added andmodules loc deleted).

Tests The forms also containedtwo questionsabouttest-
ing, but in the courseof the measuremenprogram
it turnedout thatthesequestionsvere misunderstood
andanswerednconsistently Thesedatawereomitted

from thedataset.

Variable Mean | Std.dev. | Min. | Max.
effort total 71 56 7 260
effort analysis 14 16 0 76
effort coding 44 45 0 192
effort test 22 23 0 81

Table 2. Effort organization A in hours

Table 2 shavs the meanand standarddeviation of the
effort spenton the 57 changerequestsn organizationA.
Thereis oneoutlier in this datasetvith respecto total ef-
fort. This changerequesttook 472 hours,while the next
biggestcost 260 hoursandthe averageeffort is 71 hours
(excludingthe outlier). The large amountof effort for this
changeequestseemdo becausedy alargetestingeffort,
while the othercharacteristichave normalvalues. We do
not excludethis changerequestfrom our datasetwe only
ignoreit whenanalysingestingeffort andtotal effort.

OrganizationB

In organizatiorB we have collecteddataon 63 changeshat
wereappliedto 9 differentsystems Most of thesesystems
are written completelyor partially in COBOL. Of the 63
changerequestsb changesoncernechon-COBOL code.
Thesechangerequestarenot usedin the analysis.For 52
of theremaining58 changeswe have collectedsourcecode
metrics. This datasefalso containsone outlier: a change
requesthattook 302 hoursto complete. The next biggest
changeequestook 130hours theaverages 35hours(ex-
cluding the outlier). Sincewe want our analysisto hold
for the majority of the data,the outlieris removedfrom the
datasetThis leavesuswith 51 datapoints.

Variable | Mean | Std.dev. | Min. | Max.
effort total 35 30 0 130

Table 3. Effort organization B in hours

Table3 shaws the effort spenton changerequestsn or-
ganizationB. Next to thetotal effort data,which wastaken
from the organizations effort registrationsystem,nforma-
tion wasgatheredn the hoursspenton differentphase of
themaintenancerocess-designcodingandtesting.How-
ever, thehoursspenton eachphasewereto be estimatechs
apercentagef thetotal hoursperchangerequest.Thisdid
not resultin correctdata,not only becausehe percentages
wereestimatedbut alsobecausesometimesnorethanone
personwould work on a changerequest.Becausehe form
wasfilled in by only oneof thesegpersonswe only know the
effort distribution of thatperson.Hence ,we do not further
look attheeffort dataperphase.

For eachchangerequestthe following attributeswere
measured:

Entities The numberof databasentitiesusedin the new
versionthatwere not usedbeforethe change(entities
new) andthe numberof entitieswhoseusagechanged,
i.e. the usageof one or more attributes changed
(entities changed).

Attrib utes The numberof attributesusedin the new ver
sion of the software that were not used before the
change(attributes new), plusthe numberof attributes
no longerusedafterthe changdattributes deleted).

Note thatif entitiesor attributesarechangedj.e. the
usage changesthis doesnotimply thatthe underlying
databasstructurenaschanged.

Files The total numberof changedCOBOL files (files),
and separatelythe number of changed modules
(modules) andthe numberof changedCOBOL pro-
grams(programs) aremeasuredln addition,thenum-
ber of new programsor modules(new files) is mea-
sured.Notethatasopposedo organizatiorA, we only
measuredCOBOL sourcesat organizationB, so pro-
grams + modules = files.

Using the version control system, the length of
changediles (loc), the amountof lines changed(loc
added andloc deleted), andthelengthof the new files
(loc new) weremeasuredAlso, for eachof thesethe
numberof lines changedadded,or new in the proce-
duredivision was counted resultingin loc pd added,
loc pd deleted, loc pd, andloc pd new.

Requirements Becausahe programmersverefrequently
confrontedwith changingcustomerequirementsiur-
ing the implementatiorof changerequeststhe num-
berof suchrequirementhangesvascountednew re-
quirements).

Data conversion The numberof temporaryprogramsfor
conversionpurposegtemporary programs).

Thefollowing attributesareconstructedrom attributesthat
were measureder file, asopposedo the otherattributes



that were measureger changerequest. For example,we
looked at eachsourcefile so seewhethergoto statements
wereused.If atleastoneof the sourcefiles thatis changed
containggotostatementgshevariablegoto is one,otherwise
it is zero.

Codequality Thequality of thesourcecodewasmeasured
by two ordinal measures:doesthe sourcecontains
goto-statement§oto) anddo all programsand mod-
uleshave agoodstructure(structure).

Programtype The programtype wasmeasuredo distin-
guish betweeninteractve programsand batch pro-
grams, becausesngineersconsiderchangesn inter
active programsmore difficult than changesn batch
programs. program type is batch(zero)if all of the
changednodulesor programsareonly usedfor batch
operations ptherwisethe programtype is interactve
(one).

Documentation The quality of the documentation
(documentation quality) is zeroif one or more docu-
mentsnecessaryor the changeis of low quality, one
otherwise.

Experience The experienceof the programmerwith the
codeto bechangedexperience) is oneif theprogram-
mer hasmuchexperiencewith all files to be changed,
zerootherwise.

Difficulty Thecodeto bechangeds deemedo bedifficult
(difficulty is one)if atleastoneof thefilesto bechanged
is considerediifficult.

4. Data Analysis

In this section,we presenthe resultsof our analysisof
thedatagatheredBecauseve have aratherdargenumbetrof
attributesfor bothorganizationsespeciallywhencompared
to thenumberof obsenationswe useprincipalcomponents
analysigo determinghemainunderlyingdimension®f the
datasetsUsingthe constructedactors,we build regression
modelsto attemptto explain theeffort spent.

4.1 Principal componentsanalysis

OrganizationA

Thefirst stepin principalcomponentsnalysisis to decide
ontheappropriatenumberof factorsfor the datasetUsing
the unrotatedfactormatrix anda plot of the eigervaluesof
thefactors(a so-calledscreeplot) we obsere thatthecom-
monvariancein this dataseis bestdescribedy threefac-
tors. Table4 shovsthethreefactors aftervarimaxrotation.
For readability all factorloadingsbetween—0.30 and0.30
have beenomitted. Togetherthesethreeconstructedrari-
ablesexplainslightly morethan50%of thevarianceamong

Attributes Factors

ALl A2] A3
programs loc added 0.86
programs changed 0.85
files loc added 0.82
programs loc 0.76
files changed 0.76 0.40
programs loc deleted 0.71
files loc deleted 0.70
files loc 0.63
lists changed 0.59
lists new 0.31
files loc new 0.90
programs loc new 0.84
programs new 0.83
files new 0.81
modules new 0.64| 0.33
functional design 0.54
modules loc new 0.47
modules loc added 0.87
modules changed 0.82
modules loc deleted 0.79
modules loc 0.57
complexity 0.45
screens changed 0.41
screens new
Eigervalue 5.32| 4.03| 3.46
Percentagef variance | 22.2 | 16.8 | 14.4
Cumulatve percentagg 22.2 | 39.0 | 53.4

Table 4. Rotated factor matrix for dataset A

the attributesused.We seefrom table4 thatthefactorscan
beeasilyinterpreted:

Al. The first factor can be interpretedas the amountof
changethat affectsthe flow-of-control. As notedbe-
fore, programdmplementhemainflow-of-control. A
changein a programfile is thereforelikely to affect
otherconfigurationitems,suchasjob controlfiles, as
well. For the samereasonsuchchangeganaffectthe
processingnformationthat batchprogramsreturnin
differentlists (lists changed). This factoris thusdom-
inatedby flow-of-controleffects.

A2. Factor 2 is the increasein the size of the systemin
termsof new files. The numberof new files, new pro-
gramsandnew modulesall loadon this factor aswell
asthesizeof the new files (files loc new, programs loc
new andmodules loc new). Also functional design has
its highestloadingon this factor This is not surpris-
ing, sincefunctional design wascoded0 for nochange
to the functionaldesign,1 for a change,and2 for a



new functionaldesign.

A3. Thethird factorreflectsthe amountof changan mod-
ules.

Two of thesefactorsthusreflectthe amountof change
to existing code.FactorA1 canberoughlycharacterizeds
controlflow changeandfactorA3 canbelabeledalgorithm
changeFactorA2 denoteghenew code,andapparentlyno
distinctionasto thetype of additioncanbe made.

OrganizationB

Attributes Factors

Bl1| B2]| B3
files 0.87
loc pd 0.85 -0.31
loc 0.85 -0.32
modules 0.68
used-by 0.68 -0.33
programs 0.53
entities changed 0.43 0.32
relationships 0.36
goto statements 0.32
difficulty 0.32
entities new
loc pd deleted 0.93
loc deleted 0.93
temporary programs 0.72
loc pd added 0.71 -0.33
loc added 0.67 | -0.35
new requirements 0.63
structure 0.43
documentation quality
new files 0.85
loc new 0.83
loc pd new 0.82
experience -0.64
testing 0.53
program type 0.37 -0.43
attributes new 0.42
attributes deleted
Eigervalue 5.70| 3.71| 3.27
Percentagefvariance | 21.1| 13.8| 12.1
Cumulatve percentage 21.1 | 34.9| 47.0

Table 5. Rotated factor matrix for dataset B

We also perform principal componentsanalysis on
dataseB. Usingtheunrotatedactormatrixwe obsere that
anumberof threefactordits thisdatasebest. Table5 shovs
thefactorloadingmatrix after varimaxrotation. Again, for

readabilityall factorloadingsbetween-0.30 and0.30 have
beenleft out.

The three factorsexplain nearly 50% of the variance
amongthe usedattributes. Using table 5, we seethatin-
terpretatiorof thethreefactorsis againnottoo difficult:

B1. Thefirst factorcanbe interpretedasthe total size of
thecodecomponentsiffectedby the change.

B2. Thesecondactordenotegsheamountof change.

B3. We seethat the third factorcanbe interpretedasthe
amountof codeadded.

Notethatthis datasetloesnot reveal a differencein the
type of change(control-flov versusalgorithmic). On the
otherhand,it doesdiscriminatebetweenthe changeitself
andthe systemslice’ affectedby thechange.

4.2 Regressionanalysis

Thenext stepin ouranalysigs to investigatevhethemwe
canusethefactorsfoundin the principalcomponentanal-
ysisto explain the effort spenton the changerequestsWe
performmultivariateregressiomanalysis,usingthe factors
foundin section4.1. We usethe betacoeficientsof thein-
dependenvariablesto indicatethe relative weight of each
of thevariablesin theequation.

OrganizationA

Input variablesfor the stepwiseregressioranalysisarethe
factorsfound in section4.1, completedwith two dummy
variablesto discriminatebetweerthe threeteams. There-
sults of the regressionanalysisis shavn in table 6. For
eachdependentariable, the table shovs which indepen-
dentvariablesenteredthe regressionformula. The num-
bersshavn arethebetacoeficientsof thevariablesntered,
which allow usto assesshe relative importanceof eachof
theindependentariablesenteredn the equation.

If welook attheadjustedR?’s, we seethatthe equation
for thetotal effort explains58% of thevariance.Usingthe
betacoeficients,we seethatA1 is themostinfluentialvari-
able, followed by A2. The formulasfor effort coding and
effort test both explain abouttwo-third of thevariance.The
maindifferences thatfor effort test theteamdummyvari-
ables(team A andteam B) play the mostimportantrole.
Thebetacoeficientsarenegative, becaus¢he averagetest-
ing effort of thesetwo teamsis considerablyower thanfor
the third team. This is explainedby the factthat the third
teamoutsourceshetestingto aseparatéestteam while the
othertwo teamgestthechangeequestshemseles,sedfig-
ure2. If we omit factorAl from the analysiswe seethat
theexplainedvariancerom thetwo dummyvariablesalone
is almost50%. Adding A1l increaseshe explainedvariance
with about20 percentageoints. So,althoughtheexplained



Dependent Independentariables Adjusted | Std.
variable Al A2 A3 teamA teamB R% | Erm.
effort total 056 041 034 0.58| 37.1
effort analysis 0.46 0.20| 13.6
effort coding 0.60 0.56 0.65| 23.8
effort test 0.42 -0.67 -0.80 0.66 | 13.9
effort test® -0.68 -0.78 048 | 17.1
awithout Al

Table 6. Stepwise multiv ariate regression analysis for organization A

variancefor testingis as high asfor coding, its sourceis
ratherdifferent.

The explainedvariancefor effort analysis is muchlower
thanfor theotherequationslt seemshatthefactorshatwe
have constructechave little influenceon the effort needed
to preparethe changerequest. This doessuggesthatit is
importantto look at the maintenancerocesscarefullyand
selectdifferentmetricsfor eachof the processteps.

OrganizationB

Dependent Independentars. | Adjusted | Std.
variable BI B2 B3 R? | Em
| effort total | 0.33 | 0.09] 285 |
Table 7. Stepwise multiv ariate regression

analysis for organization B

Usingthefactorsfoundin sectiond.1,we againperform
stepwiseregressiomanalysis. The regressioranalysisdoes
resultin a formula, but the explainedvarianceis not nearly
ashigh asfor the datasetf organizationA. Only onevari-
ableentersheequation:B2 — theamountof codechanged.

It is difficult to investigatethis further, sincewe don't
know how much of the effort in organizationB was spent
ondesign,codingandtesting.As mentionedn section3.3,
theway in whichwe attemptedo collectinformationabout
maintenancsubtaskdailedto deliver reliabledata.Hence,
we canonly hypothesizenn the reasonavhy the informa-
tion gatheredn thismeasuremengrogramexplainssolittle
aboutthe maintenanceffort, asopposedo the resultsfor
organizatiorA. We think therearetwo possiblereasongor
this difference:

e Themaintenanc@rocesatorganizatiorB is quitede-
pendenbn the specificmaintenanc@rogrammesand
his relationshipwith the customer The amountof
analysisdoneby the programmeidargely dependson

how much analysisthe intermediaryat the customer
sitehasdone.

e Theeffort dataweretakenfrom the effort administra-
tion system We do notknow —andhadno controlover
—theaccurag with which thesedatawereregistered.

5. Conclusions

In this paperwe have presentedwo measuremenpro-
grams their characteristicghe datagatheredandan anal-
ysis of the datasets. We have shavn how commonsta-
tistical techniquessuch as principal componentsaanalysis
andregressioranalysiscanbe usedto explorerelationships
betweencharacteristicof changerequestsand the effort
neededo implementthem.

With the factorsfoundin the datasebf organizationA
we wereableto explain a fair amountof variancen theef-
fort to implementchangerequests.This providesa useful
startingpointfor organizatiorA to developaneffort predic-
tion modelfor maintenancehangeaequestsQuiteafew of
thevariableghatwerefoundto berelevantareknownwhen
thechangerequesis beinganalysedStill, furtherresearch
is neededo determindormulaswith enoughpredictive va-
lidity.

Al.amountof « . B1 gze affected code
control-flow change

A2.increasesize B2. size of change

B3. increase size

A3. algorithmic change

Figure 4. Comparing the factor s

The datasebf organizationB provednot very usefulin
explaining effort spenton maintenancehangerequestsin
asensethisis surprising becaus¢heervironmentsandthe
measuremergrogramsarequite similarin mary respects:

e Thekind of applicationsgnaintainedthe programming



languagesindthe supportingechnologyin bothorga-
nizationsarecomparable.

Thesizeof thechangesndtheeffort spentonchanges
is of the sameorderof magnitude.

The measuresakenin both organizationsarecompa-
rable.

The resultingfactorsfrom both datasetsthoughnot
exactly equal,look very similar, seefigure4. In both
casesthe size of a changeand the size of the com-
ponentsaffectedby a changedominate.This concurs
with otherfindings,e.qg.[3, 8].

Both measuremenprogramswere setup and imple-
mentedn the sameway. The succes$actorsfor mea-
suremenprograms,as exemplifiedby Hall and Fen-
ton[5], werekeptin mind.

On the otherhand,thereare somedifferencesetween
the measuremenprogramsof organizationsA andB, that
might explain the differencedn explanatorypower of the
datasets:

o As mentionedn section4.2, we had no control over
theaccurag of theeffort datain organizatiorB.

e As describedn section3.1, the maintenancgrocess
in organizatiorB is quite dependentn how program-
mers and intermediariesdivide analysisand design
tasksbetweerthem. It is very well possiblethat this
lack of standardizatiomasa large impacton the use-
fulnessof thedatagathered.

Thereis no a priori evidenceto suggesthatthe effort data
for organizatiorB is lessreliablethanthoseof organization
A. This leavesus with the heterogeneityf the work pro-
cessefn organizatiorB asanexplanationfor thedifference
in explanatorypower of thedata.Hence we conjecturghat
the consistenuseof a standardizegrocesss animportant
prerequisitdor a successfuimeasuremergrogram.

Standardizatiomloesnot necessarilyneanthatthe pro-
cesdooksthe samefor all teamsandall situations.It does
meanthat we know which variantof the processs being
executedvhen.An exampleof thisis themaintenancero-
cessin organizationA, whereoneof thethreeteamsusesa
differentvariantof the procesghantheothertwo.

Finally, for organizationA we found a ratherstrongre-
lation betweerthe type of attributesmeasure@dndthekind
of activity in which theseattributesplay animportantrole:
we measuredjuite somesourcecode attributes, and the
explainedvarianceis especiallynotavorthy for the coding
phase.This suggestghatin orderto improve overall pre-
diction, we shouldlook for additionalvariablesthatspecif-
ically bearuponanalysisandtesting.
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