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Abstract

Thegoalof thisresearch is to applylanguageprocessing
techniquesto extendhumanjudgmentinto situationswhere
obtainingdirecthumanjudgmentis impractical dueto the
volumeof informationthat mustbeconsidered. On aspect
of this is leveragedquality assessments,which canbeused
to evaluatethird-party codedsubsystems,to track quality
acrosstheversionsof a program,to assessthecompression
effort (andsubsequentcost)requiredto makea change, and
to identifypartsof a programin needof preventativemain-
tenance.

A descriptionof theQALPtool, its outputfrom just un-
der two million lines of code, andan experimentaimedat
evaluatingthetool'susein leveragedqualityassessmentare
presented.Statisticallysigni�cant resultsfrom this experi-
mentvalidatetheuseof theQALP tool in humanleverage
qualityassessment.

1 Intr oduction
Assessingany non-trivial aspectof a largepieceof soft-

wareis a dif�cult task.Unfortunately, for many suchtasks,
automatedtechniqueshave failed to capturehumanintu-
ition (e.g., asto thequalityor complexity of thecode).The
goalof thisresearchis to leveragetechniquesfrom informa-
tion retrieval (in particular, languageprocessing)into a tool
thatallows humanevaluationof softwarein the large. Ex-
ampleapplicationsincludequalityassessment,comprehen-
sibility assessment,and complexity assessment(the com-
plexity of changingapieceof coderatherthanformalalgo-
rithmic complexity).

Historically, InformationRetrieval (IR) hasbeenapplied
to unstructuredtext (asopposedto thestructuredinforma-
tion usedby databasemanagementsystems).Recently, IR
techniques,which narrow the amountof text a humanhas
to process,“haveprovenusefulin many disparateareas,in-
cluding the managementof hugescienti�c andlegal liter-
ature,of�ce automation,andto supportcomplex software
engineeringprojects”[3]. Thus,IR techniquesareanatural
choicefor processinglargecodebases.

Thispaperintroducesandempiricallyassessestheappli-
cationof IR's languageprocessingtechniquesto qualityas-
sessmentasimplementedin theQALP(QualityAssessment
usingLanguageProcessing)tool. TheQALP tool leverages
identi�ers and relatedcommentsto extract aspectsof the
programthatarerepresentativeof theentireprogram'squal-
ity. This facilitatestheassessmentof largesystemswherea
bruteforceapproachis infeasible.

The QALP approachis quite generalin the sensethat
how quality is de�ned canvary dependingon theextracted
quality indicator. For example,one indicator is basedon
identi�ers and thus, for this indicator, codequality is as-
sumedto be correlatedwith identi�er quality. The main
focusof theempirical investigationpresentedin Section4
is on functionextraction. For this indicator, codequality is
de�ned in termsof the degreeof correspondenceof com-
mentsandcode.

Situationsin which suchan assessmentare useful in-
clude the evaluationof third-party codedsubsystemsand
in theselectionof codefor preventativemaintenance.Con-
sider, for example,thecaseof an organizationthat hiresa
third party to codea softwaresubsystembasedon a high
level design.In additionto integrationtestingof thedeliv-
eredsubsystem,theorganizationwould bene�t from some
notion of its quality (and thus, for example,somenotion
of the future coststo comprehendand maintain the sub-
system).While thoroughlyassessingthe entiresubsystem
might take asmuchtime aswriting it, leveragedquality as-
sessmentallows theselectionof aspectsof thecodewhose
quality is representativeof theentirecodebase.

Onemotivation for the focuson identi�ers is that most
of the application-domainknowledge that programmers
possesswhen writing the codeis capturedby identi�ers'
mnemonics[3]. Antoniol et al. write “Programmerstendto
processapplication-domainknowledgein a consistentway
whenwriting code: programitem namesof differentcode
regionsrelatedto a giventext documentarelikely to be, if
not the same,at leastvery similar.” Thus, an underlying
premiseof their work andtheQALP tool is that program-
mersusemeaningful(highquality)namesfor codeitems.
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The remainderof the paperincludesbackgroundinfor-
mationin Section2, followedby adescriptionof theQALP
tool in Section3. The tool is empiricallyvalidatedin Sec-
tion 4. The paperconcludeswith a discussionof related
work in Section5 anda summaryin Section6.

2 Background
This sectionprovidesbackgroundon the IR techniques

used in the paper including the use of the vector space
model,the tf-idf methodfor termranking,andtheyari re-
trieval engine[17]. Finally, thesubjectprogramsandstatis-
tical testsusedaredescribed.

2.1 LanguageProcessing

TheparticularIR techniquesusedin theQALP tool are
basedon LanguageProcessing(LP). AlthoughLP hashis-
torically focusedontheanalysisof prose,many of thetech-
niquesdevelopedareapplicableto arbitrarytext documents,
including sourcecode. For example,Antoniol et al. and
Marcuset al. have independentlyanalyzedcommentsand
variablesto (re)establishlinks betweensourcecodeandits
documentation[3, 22].

In IR thetermdocumentrefersto a cohesiveunit of text
andis usuallytheartifact returnedastheresultof a query.
Whenconsideringsourcecode,potential“documents”in-
cludea classor a function. Thecollectionof documentsis
processedto constructacorpus.Thisprocess,known asin-
dexing, storesinformationabouttheterms(usuallywords)
thatappearin thedocuments.Notethattheformationof the
corpusdoesnotusea prede�nedvocabularyor grammar.

Onemethodof processingdocumentsis to createa vec-
tor spacemodel (VSM) of the documentsin the corpus.
VSM considerseachword ��� asbeinga separatedimen-
sion in an � -dimensionalvectorspacewheresimilarity is
de�ned usingthecosineof theanglebetweentwo vectors.
Given that a querycanalsobe expressedasa vector, doc-
umentscan be ranked accordingto their similarity to the
query. This samemeasureallows documentcomparison
whenusedto assesshow similara pair of documentsare.

A VSM canbeimprovedby usingstemmingandby em-
ployingastop-listto decreasethedimensionalityof thevec-
tor space.SinceIR usesexactmatchesof words,stemming
is generallyappliedto naturallanguagedocuments.This
eliminatessuf�x esso that the frequency of a word disre-
gardsits particularforms.

A stop-listcanbeusedto omit wordsthatarenotthought
to berelevant.In English,wordssuchas“the” canbeelim-
inated.Sincethecommentsarewritten in naturalEnglish,
they are stoppedusing a standardEnglish stop-list. The
codeis thenstoppedusinga specialstop-list that includes
frequentlyusedwords that arenot uniqueto the concepts
involvedin thecode.Thestop-listfor C includeskeywords
(e.g., while ), prede�nedidenti�ers (e.g., NULL), library

function andvariablenames(e.g., strcpy anderrno ),
andall identi�ers thatconsistof asinglecharacter.

Once the vector spacehas been reducedusing stem-
ming andstopping,weightsareassignedto thewords. Of
the many alternatives for assigningweights, the standard
method,termfrequency-inversedocumentfrequency(tf-idf)
is used[26]. It providesa methodfor weighting the im-
portanceof a term(word) to a documentrelative to thefre-
quency of the term in theentirecollection. The weighting
takesinto accounttwo factors:termfrequency in thegiven
documentand inversedocumentfrequency of the term in
the whole collection. In short, term frequency in a docu-
ment shows how important the term is in that document.
Documentfrequency of the term (the averagenumberof
timesthetermoccursin agivendocument)showshow gen-
erally importantthe term is. A high weight usingtf-idf is
thusachievedby a termthatoccursmuchmorethantheav-
eragein adocument,but is rarein theentirecollection.

The QALP tool usesthe searchengineYari, developed
by Victor Lavrenko at the Centerfor Intelligent Informa-
tion Retrieval [17]. Oneadvantageof usingYari is that the
searchengineis freelyavailablefor researchpurposesalong
with its sourcecode,sothatnew applicationscanbedevel-
opedbasedon a collectionindexedby Yari. In additionto
theability to build retrieval collectionsfrom arbitrarytext,
additionalfunctionalitywasbeenincludedin Yari. For ex-
ample,thereareseveral similarity functionsincluding co-
sinesimilarity andpart-of-speechrecognitionfunctionsthat
enablestherecognitionof nounsin naturalEnglish.

2.2 SubjectPrograms
Thispaperpresentsempiricaldatafrom the17programs

shown in Figure 1. The �gure includestwo measuresof
programsize:the�rst usestheunixutility word-count(wc),
andthesecondtheutility sloc count , whichcountsnon-
comment-non-blanklines of code. As describedin Sec-
tion 3.1, functionsareusedasdocuments.The next three
columnsgive thenumberof functionsin eachprogram,the
numberof functionsthat include commentseither before
or within the function, and�nally the percentageof func-
tionsthatincludecomments.The�nal columngivesabrief
descriptionof eachprogram. Note that gnugo underwent
“objecti�cation” with Version3.0, which accountsfor the
largeincreasein thenumberof functions.

2.3 Statistical Tests
Severalstatisticaltestsareusedin thepaper. First,when

its normality assumptionis satis�ed, the student's t-test is
usedto provide statisticalcon�dencewhencomparingthe
meansof two populations.Whencomparingmeansof more
thantwo populationsor whennormalitycannotbeensured,
oneof four differenttestsis used.First, theMann-Whitney
testis a nonparametricalternative to thestudent's t-testfor
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LOC LOC function functionswith percentwith
Program (wc) (sloc count) count comments comments Description

go 28,547 25,080 449 339 76% David Forland'sversionof go
epwic 8,631 5,245 159 116 73% Imageprocessor
bc 9,967 6,768 246 234 95% Calculator
ctags 16,946 13,426 731 255 35% Emacsandvi tag�le generator
diffutils 16,054 10,369 233 187 80% File compareutilities
�e x 20,156 14,455 343 228 66% GnuLex
named 101,827 70,042 2,631 1,687 64% Bind version8.2.1
replace 563 512 21 1 5% Stringreplacementutility
gcc 834,738 588,394 13,555 11,030 81% Thegcccompilerversion2.95
barcode8 4,858 3,198 100 90 90% A barcodereader
gnugo-1.2 2,857 1,748 31 28 90% Sevenversionsof the
gnugo-2.0 26,388 21,721 947 163 17% Gnuimplementationof go
gnugo-2.4 77,977 66,306 2,544 481 19%
gnugo-2.6 86,558 72,964 2,873 499 17%
gnugo-3.0 189,658 161,282 7,382 908 12%
gnugo-3.2 310,449 153,150 12,392 1,200 10%
gnugo-3.4 186,036 137,885 12,442 1,391 11%

Figure 1. Subject Programs Studied.

determiningif two independentsamplescomefrom two dif-
ferentpopulations.Whenmorethantwo populationsareto
beconsidered,theKruskal-Wallis testis used.This testde-
terminesif at leastonesamplecomesfrom a differentpop-
ulationthantheothers.Whenthesamplesconcernthesame
participant(non-independent)then the Wilcoxon signed-
rankstest is usedin placeof the Mann-Whitney test,and
Friedman's testis usedin placeof theKruskal-Wallis test.
Both theselater testsarenonparametricalternatives to an
analysisof variance(ANOVA).

Finally, the Kolmogorov-Smirnov test is used to de-
termine whethertwo underlying probability distributions
differ from each other (rather than simply their means
as in the aforementionedtests). It doesso applying the
Mann-Whitney test to the Cumulative Distribution Func-
tions (CDFs)of two datasets. This testdeterminesif the
populationsfrom which the samplesaretaken have differ-
entdistributions.A CDF is constructedin a nonparametric
manner;thus,no default distribution shapeis assumed.In
the caseof a test involving morethantwo samples,when
there is evidenceof a difference, the Student-Newman-
Keuls(SNK) testis usedto identify groupsof sampleswith
signi�cant differences.

For both, the parametricand nonparametrictests,two
valuesarereported,the degreesof freedomanda � -score.
The � -scorecanbeinterpretedasfollows: a valuelessthan
0.01 indicatesa strongrejectionof the null hypothesis,a
valuelessthen0.05 indicatesa rejection,anda valueless
than0.10indicatesaweakrejection.A � -scoregreaterthan
0.10meansthatthenull hypothesiscannotberejected;thus,
thereis nostatisticalevidenceof a difference.

3 QALP
Thetechniquesemployedby theQALPtool aredesigned

to allow anengineerto form anopinionasto thequality of
theentiresystem(unlike metricswherequality is typically
measuredon someordinalscale).Eachtechniquetakesas
input sourcecode(and potentially its accompanying doc-
umentation)and extracts from the code(and documenta-
tion) variousquality indicators.An assessor(asoftwareen-
gineer)is thencalled on to evaluatetheseindicators. By
evaluatingthecodefrom variousperspectives,theassessor
providesmultiple judgmentsof the code's quality. These
judgmentsarethenusedto form ahuman-leveragedquality
assessmentof thesystem.

Exampleextractiontechniquesincludefunction quality
assessment,identi�er extraction,machinelearning,andex-
ternaldocumentationcorrelations.This sectionfocuseson
functionqualityassessment,which is empiricallystudiedin
thenext section.To provide someindicationof thevariety
of the techniques,identi�er extraction is brie�y described
at theendof this section.Following Takanget al., bothof
thesetechniquesarebasedon Brooks' model of program
comprehension,wheremorecommentsandhigherquality
identi�er namesareassumedto producecodethat is easier
to comprehend[30].

3.1 Function Quality Assessment
The goal of Function Quality Assessmentis to group

functionsby relative quality. If successful,functionsfrom
thesamegroupwill havesimilarquality. Thisallowsaqual-
ity assessmentfor anentireprogramto beobtainedby sam-
pling a subsetof thefunctionsfrom eachgroup.

Function quality assessmentusescosinesimilarity to
scorefunctions.A corpusis built for eachprogramindivid-
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ually (andnot for all programstogether),which meansthe
idf valueis relativeto theparticularprogram,notmany pro-
grams.This processbeginsby dividing a program'ssource
codeinto segmentswhicharethentreatedasindividualdoc-
umentsfor the purposesof applying languageprocessing
techniques.Theexactsourcecodethatmakesupasegment
can vary with languageand application. For example,a
classis theobviouschoicefor anobject-orientedlanguage.
In thispaper, theempiricalstudyinvolvesCprograms;thus,
theobviouschoicefor a “segment”is a Cfunction.

The QALP tool divideseachfunction into two “docu-
ments”: Oneincludesonly sourcecodeandtheotheronly
headerandinline comments.The commentsarestemmed
to remove suf�x es and stoppedusing a standardEnglish
stop-list. Thecodeis thenstoppedusingtheprogramming
language-speci�cstop-listdescribedin Section2. Theguid-
ing assumptionhereis that if thecodeis high quality then
the commentsgive a gooddescriptionof the code(future
work will considercaseswherethis is not the case). Fur-
thermore,suchcodeusesidenti�er namesderivedfrom the
sameconceptsasdescribedin thecomments.

Roughlyspeaking(good)commentscanbedividedinto
two categories.Thosethatdescribetheinternalsof a func-
tion for futuremaintainersandthosedesignedfor external
users(callers)of the function. The techniquesdescribed
in this sectionwork betterwith the former kind of com-
ment. The latter may not includesigni�cant overlapwith
thecodeandthuswill resultin lower cosinesimilarity. Fu-
ture work with the QALP tool includescorrelationswith
externaldocumentation.This is expectedto work well with
commentsaimedat externalusersasthegoalof suchcom-
ments is to provide a different level of abstractionthan
that of the function's implementation.The externaldocu-
mentationwill alsobe usedwith functionsthat containno
comments.Theseapproacheswill complementtheexisting
techniques.

After dividing eachfunction, the cosinesimilarity be-
tweensourcecodeandrelatedcommentsis computedfor
eachfunctionusingtf-idf termweighting[26]. Figure2 de-
picts all the scoresfor commentedfunctionsof at least25
words from the programgcc. (The analysisomits small
functions(thosehaving fewer than25 words),asthey tend
to have high similarities,but areotherwiseunhelpfulwhen
generatingquality assessmentsin the large.) Scoresare
sortedalong the � -axis. Points to the left have higher
similarity as measuredon the � -axis. The empirical data
presentedin the next section shows that functions with
highercosinesimilaritiesreceive higherhumanquality as-
sessments.

A correlationbetweentool scoreandquality allows the
scoresto beusedto partitionfunctionssuchthat two func-
tionsin thesamepartitionshouldreceivesimilarassessment
if shown to anengineer(hereaftertheterm“score” refersto

Figure 2. Sor ted list of cosine similarities for
the 8322 functions of gcc that have more than
25 words. The � ­axis sho ws the cosine simi­
larity score . The � ­axis sho ws the percent of
gcc's functions considered.

thetool'soutputandtheterm“rating” refersto valuesgiven
by programmersincluding studyparticipants). The parti-
tions areusedin leveragedquality assessmentwherethey
makeit possibleto reducethequantityof codeshown to the
engineerwhowill still comeawaywith asenseof theover-
all quality of thecode.As few asonefunctionperpartition
could be used,but a greaternumberincreasescon�dence.
TheQALP tool effectively selectsthis representativesubset
of thefunctions.

In certainapplicationsof theQALP approachthis selec-
tion might considernot theentireprogram,but rathersome
subsetof its modules.Thissubsetmightcontainthosemod-
ulessuppliedby a third party, or might includethemodules
identi�ed by anothertool asrelevant for a particularactiv-
ity. For example,whenperformingcorrective maintenance
anextractiontool might identify thosemodulesrelevantto
a change.Theextractedcodecouldthenbeassessedby the
QALP tool to aid in providing apreliminaryestimateof the
costto comprehendandsubsequentlychangethecode.

A longitudinalapplicationof theQALP tool supportsa
quick assessmentof the relative quality of severalversions
of a system. For example,Figure 3 presentsQALP tool
scoresfor sevenversionsof gnugo. Themoststriking fea-
ture, easilyvisible in the chart, is the threedistinct bands
that correspondto the threemajor releasesstudied. The
shortdiagonalline in the lower left of thechart is Version
1.2. The threegray lines are from 2.X versions,and the
top threelines arefrom 3.X versions.At a minimum this
is evidencethat commentingof the codeoccursmostly at
thereleaseof majorrevisions.Thedistancesbetweenthese
groupsare statistically signi�cant (Kolmogorov-Smirnov,

������� ���
	�� , d.f. = 4663) (recall that the Kolmogorov-
Smirnov comparesdistributions). TheSNK testappliedto
all seven versionsreportsthreegroupsthat correspondex-
actly to thethreemajorversionsof gnugo.

3.2 Identi�er Extraction

Rilling and Klemola observe, “In computerprograms,
identi�ers representde�ned concepts[and] identi�er den-
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Figure 3. Seven versions of gnugo. The � ­axis
sho ws the tool score . The � ­axis sho ws each
function sor ted by score .

sity correspondsto comprehensioncost” [25]. Knuth noted
thatdescriptiveidenti�ers areaclearindicatorof codequal-
ity andcomprehensibility[16]. Identi�er extractionis based
on theseobservationsandtheassumptionthattheclarity of
highly usedidenti�ers is of particularimportance.

In fairness,quality programscan have poor identi�ers
(eventhoughit is expectedthatquality identi�ers wouldac-
company quality programs);thus, this information is not
a perfectbarometer. Extractingidenti�ers is, however, in
keepingwith the QALP tool's goal of extractinga variety
of indicatorsthatasoftwareengineercanuseasevidencein
forminganoverallassessment.

It is reasonableto askif IR techniquesarereally neces-
saryas,for example,adevelopercouldquickly assessiden-
ti�ers quality by glancingover thesourcecode(identi�ers
mightevenbemoremeaningfulin context). While for small
to mid-sizedcodesthis is a reasonableapproach,oneof the
goalsof theQALP projectis theassessmentof softwarein
thelarge.For example,Eclipse3.0M7hasjustover2MLoC
and94,829differentidenti�ers (which is aroundthe same
numberof words as in Oxford AdvancedLearner's Dic-
tionary) [10]. An unfortunateengineermight samplethe
Eclipsesourcecodeto geta feel for its quality andendup
consideringparticularlygood (or bad) identi�ers (even in
context) andcomeawaywith thewrongimpression.

Of course,looking through2MLoC is a dauntingtask.
By selectingkey identi�ers, assessmentof softwarein the
largebecomespossible.Thedif�cult taskis de�ning which
identi�ers are key. In the preliminary study discussedin
Section4.4, this is donebasedon frequency. Furtherem-
pirical work will comparealternatede�nitions of “key,” for
example,thoseusedin themost�les, thosedeclaringcom-
mondatastructures,or eventhosewith high tf-idf scoresin
a modulerelative to theentireprogram.Sucha studywill
also considerthe pros and consof consideringidenti�ers
outof context.

To beusedasa quality indicator, theextractedidenti�er
list is stopped;thus,removing commontypenames,single
characteridenti�ers, library function names,etc.andthen
sortedbasedon frequency of occurrence.While thepresent
tooldoesnotperformthisstep,it wouldbepossibleto factor

replace gnugo 2.0
freq identi�er freq identi�er

62 pat 98 board size
43 result 86 dragon
31 arg 53 mx
25 junk 52 originj
24 lin 52 origini
9 lastj 19 found one
9 escjunk 11 GRAY BORDER
7 dest 10 propogate worm
7 CLOSURE 10 liberties
6 size 9 strategic distance to white

Figure 4. Frequenc y sor ted identi�er lists
from replace and gnugo . In all, replace has
75 unique identi�er s while gnugo has 134.

in syntacticcontext by, for example,separatinglocal vari-
ablesby context.

For example, Figure 4 includespartial identi�er lists
from theprogramsreplace andgnugo. Thetop � ve most
frequentidenti�ers areshown followed by � ve of the bet-
ter identi�ers from the top 30 of eachlist. An informal
inspectionof the code by the authorsreveals that these
identi�er areindicative of codequality. For example,even
out of context, theidenti�er namesboard size andstrate-
gic distance to white convey signi�cant conceptualinfor-
mation.In contrast,eventheabbreviationsusedin replace
that could be consideredgoodabbreviations,suchaspat,
carry cognitive overhead[14]; thus,they accompany code
thatwill, for example,beharderto comprehend.

4 Empirical Validation
An empiricalvalidationstudyof thefunctionquality as-

sessmentwas conducted. The designof the experiments
andresultsarereportedfollowedby a discussionof threats
to thevalidity andsomepreliminaryresultsfrom a related
studyof identi�er usage. Theseresultsare importantbe-
causethey validatethe useof the QALP tool in assessing
software quality, which is a necessarystepin performing
leveragedqualityassessment.

4.1 Experiment Design
Theamountof codeusedin thesurvey instrumentmust

be large enoughto obtain interestingresults, but small
enoughto allow thesurvey to becompletedin atimely man-
ner. Usingthecosinesimilaritiesasa guide,the following
procedurewasusedto selectthestudy's18functions.Start-
ing from a pool of 52 programscontaining58,959func-
tionsandover 2 million lines of code,Step1 extractedall
commentedfunctionswith betweeneightand�fteen unique
identi�ers. Therewere10,686functionsthatmetthis crite-
ria. Suchfunctionshave roughly �fteen to forty lines of
code,which make theman appropriatelength for the sur-
vey instrument. From eachprogram,a triple of functions
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waschosensuchthatit includedonefunctionwhosecosine
similarity scorewashigh, onethat wasin the middle,and
onewhosescorewaslow. This limited thepool to 28 pro-
grams.Triplesfrom six of theseprogramswereselectedfor
thestudy. Theresulting18 functionscontaina total of 692
linesof code.

The experimentwasdesignedwith the following three
parts. First, basicinstructions(e.g., the scaleusedfor the
rankings)andde�nitions suchas,in generalterms,theas-
pectsof quality (e.g., that functionsbe single thoughtco-
hesive entities,etc.) wereprovided. Theseguidelinesdid
not mentioncommentsor hint at any value in connecting
commentsandthecode.Along with aquestionnaireusedto
gatherdemographicinformation.

Thesecondandthird partsmakeupthecoreof theexper-
iment. The secondhadparticipantsconsiderthe six func-
tion triples(shown in randomorder).They wereinstructed
to �rst ratetheir comprehensionof eachfunctionon a � ve
pointscalefrom “not atall” to “crystalclear.” Thisallowed,
for example, the effect of poor understandingon quality
scoresto beaccountedfor. Theparticipantsthenwereasked
for relativequality ratingsof thethreefunctionsandto pro-
videdameasureof thecon�denceof their ranking.

The third part of the experimentasked participantsto
orderthe six programsbasedon overall quality asgauged
from the threefunctionstaken from eachandto provide a
measureof their con�dencein this ranking. While it was
importantto collectthedatain thisorderto familiarizepar-
ticipantswith the programsbeforeaskingthat they order
them,theoppositeorderis preferablefor presentation;thus,
below thedatafrom the�nal questionis considered�rst.

The targetpopulationfrom which the participantswere
drawn includesnovice throughexperiencedsoftwareengi-
neers.In total eighteenparticipantstook part in thestudy.
All participantswere students(including pre- and post-
baccalaureate)or facultyat Loyola College(a convenience
sample)andrangedfrom thesecondyearof studythrough
postgraduatedegreeholders.Consistentwith similar con-
trolledexperimentsin softwareengineering[28] experience
did not have a statisticallysigni�cant effect on responses.
This is not a surprise,at leastto theextent that theexperi-
mentcanbecategorizedassoftwarepsychology, whereno
differencewouldbeexpected[28]. However, it is important
to notethat the numberof participantsis small for sucha
differenceto appearstatisticallysigni�cant. Finally, given
theshortdurationtherewasnomortality(drop-outs)among
thesubjects.

4.2 Experiment Results

Averagetool scoresand participantratingsfor the six
programsareshown in Figure5. The averageis the aver-
agescoreof the functionsusedin the study. Informally,
thereappearsto be agreementfor most of the programs.

Figure 5. Mean tool scores and par ticipant rat­
ings for each program. (Scores are measured
on the left axis and ratings on the right.)

For examplectags it theworstand�e x thebestusingboth
theparticipantsscoresandtool ratings. To formally study
relative quality assessmentthe “percentprecisionin pair-
wisedifferences” (similar to theIR metricprecision-recall)
is used. For eachpair of programsthe differencein mean
scoreandmeanratingis computed.Thedatais thensorted
basedon the magnitudeof the differencein scores. The
averagenumberof agreementsin the top � entriesyields
percentprecisionthrough � . Theexpectedresultis to �nd
agreementfor “larger” differences.As themagnitudeof the
differencein scoreapproacheszero,agreementis expected
to becomemorerandom.

Figure 6 shows the sortedscoresand ratings for each
pair of programscompared. The fourth column includes
“yes” if f thetool andthesurvey agreeon therelative rank-
ing of thetwo programs.If theQALP tool assignedrandom
quality scores,thentheprobabilityof agreementwould be
50%.If thetool wereperfect,thenthiswouldbe100%.The
penultimatecolumngivesthe percentprecision. The �nal
columnprovidesthe � scorecomparingthe percentpreci-
sionwith a tool thatmaderandomquality assignments.As
the underlyingdistribution satis�es the normality test, the
student's t-testwasusedto testthesigni�canceof eachrow.

Theexpectedpatternis presentin thedatawherefor dif-
ferencesof at least0.23in tool scores,thereis 100%agree-
ment. Statistically, for a differenceof at least0.12 in tool
score(�rst underline),thepercentprecisionis signi�cantly
differentfrom random.Evendown aslow asdifferencesof
0.04,thereis weakstatisticalevidenceof non-randomness
(secondunderline).

Finally, attributing agreementfailuresto the programs
they involve, the program with the highest score (�e x)
and the lowest score(ctags) had no agreementfailures.
Thus,thereis consistentagreementonwhichprogramis the
bestandwhich is the worst. Consideringthe meanplace-
mentof eachprogram,statistically, thereis weakevidence
that the six meansdo not comefrom the samepopulation
(Wilcoxon, � � � � ������� , d.f. = 84). An SNK testidenti�es
two groups:the�rst includesall theprogramsexceptctags
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Differences Agreement �

Programs Tool Survey Survey Percent (Mean
ComparedScore Rating - Tool Precision > 0.5)

p3 - p5 -0.38 -1.93 yes 100% -
p5 - p6 0.37 0.33 yes 100% -
p1 - p5 -0.34 -0.73 yes 100% -
p2 - p5 -0.26 -0.80 yes 100% -
p3 - p4 -0.24 -1.13 yes 100% -
p4 - p6 0.23 0.33 yes 100% -
p1 - p4 -0.20 0.07 no 86% 0.023
p4 - p5 -0.14 -0.80 yes 88% 0.010
p2 - p3 0.13 1.13 yes 89% 0.004
p2 - p4 -0.12 0.00 no 80% 0.026
p2 - p6 0.11 -0.47 no 73% 0.069
p1 - p2 -0.08 0.07 no 67% 0.133
p1 - p3 0.04 1.20 yes 69% 0.087
p1 - p6 0.03 -0.40 no 64% 0.151
p3 - p6 -0.01 -1.60 yes 67% 0.104

Figure 6. Tool ­ Survey Agreement (sor ted by
magnitude of tool score diff erence).

andthesecondincludesall theprogramsexcept�e x; thus,
�e x with ameanof 4.27is of higherqualitythanctags with
a meanof only 2.33. Whendirectly compared,this differ-
enceis highly signi�cant (Wilcoxon, � � � � ��� � , d.f. = 26).
Notice that theQALP tool doesnot indicatethat �e x is of
highqualityonly that�e x is higherqualitycodethanctags.

Thedatafor individual functionsis now considered.The
questionunderinvestigationis doQALP tool scoresandthe
survey ratingsassignthesamerelativeorderto thefunctions
of eachprogram. To quantify the rankingsonto a similar
scaleas the cosinesimilarity, the highestranked function
wasassigned1.0points,themiddlefunction0.5points,and
thelow function0.0points.With threefunctionsfrom each
of 6 programs,18 intra-programcomparisonsexist. The
function comparisonsareshown in Figure7 sortedon the
magnitudeof tool scoredifference.

Similar to the programquality comparisons,the differ-
encein ranks was comparedto the differencein scores.
As shown in Figure 7 the last point at which it is possi-
ble to rejectthenull hypothesisis for differencesof at least
0.10(t-test, � ����� � 	

�

, d.f. = 18). Thus,differencesless
than0.10arenot statisticallyinteresting.This point is very
closeto thescoredifferenceof 0.12foundwhencomparing
programs(Figure6); these�ndings serve to reinforceeach
other. Finally, it turnsout thatthelastpoint for weakstatis-
tical difference( � � ��� �
� ) is thesameasthatof statistical
difference( � � � � ��� ).

To summarizethe two studies,for “suf�cient” differ-
encesin quality score,theQALP tool's measureof relative
quality betweenfunctionsis consistentwith humanjudg-
ment.Thisvalidatestheuseof theQALP tool in leveraging
humanquality assessmentasthe tool canbe usedto parti-
tion functionsbasedonscore.

Differences Agreement �

Functions Tool Survey Survey Percent (Mean
Compared Score Rating - Tool Precision > 0.5)

5a-5b -0.46 -0.06 yes 100% -
4a-4c 0.39 0.31 yes 100% -
4a-4b 0.33 0.06 yes 100% -
5b-5c 0.29 0.13 yes 100% -
1a-1b -0.20 -0.06 yes 100% -
5a-5c -0.18 0.06 no 83% 0.016
6a-6c -0.17 0.16 no 71% 0.071
1b-1c 0.17 0.03 yes 75% 0.032
2a-2c -0.16 0.31 no 67% 0.096
6a-6b -0.10 -0.16 yes 70% 0.049
2b-2c -0.09 0.16 no 64% 0.118
2a-2b -0.07 0.16 no 58% 0.225
6b-6c -0.07 0.31 no 54% 0.358
3a-3c -0.07 0.22 no 50% 0.500
3b-3c -0.06 0.16 no 47% 0.625
4b-4c 0.06 0.25 yes 50% 0.500
1a-1c -0.04 -0.03 yes 47% 0.625
3a-3b -0.002 0.06 no 44% 0.730

Figure 7. Function level agreement (sor ted by
magnitude of score diff erence).

4.3 Thr eatsto Validity

In any empiricalstudy, it is importantto considerthreats
to validity (i.e., the degreeto which the experimentmea-
sureswhat it claimsto measure).Thereare four typesof
validity relevant to this research:externalvalidity, internal
validity, constructvalidity, andstatisticalconclusionvalid-
ity.

Externalvalidity, sometimesreferredto asselectionva-
lidity, is thedegreeto whichthe�ndings canbegeneralized
to other organizationsor settings. In this experiment,se-
lectionbiasis possibleastheselectedfunctions,programs,
andparticipantsmaynot berepresentative of thosein gen-
eral;thus,resultsfrom theexperimentmaynotapplyin the
generalcase. Careful selectionof the functionsmitigates
the impact of their selection. It is possible,but believed
unlikely, thatprogramswritten for domainsnot considered
(e.g., real-timesystems,embeddedsystems,event-driven
systems,or even non-opensourceprograms)may exhibit
signi�cantly differentbehavior. Finally, only a few experi-
encedprogrammerstookpartin theexperiment.While their
datadoesnot appeardifferentfrom theaverages,thereare
insuf�cient datafor statisticallysigni�cant conclusionsto
bedrawn. It is possiblethat repeatingtheexperimentwith
only advancedsoftwareengineerswould producestronger
or oppositeresults. The latter would renderthe tool of
greateruseby junior professionals.

Secondis the threat to internal validity: the degreeto
which conclusionscanbedrawn aboutthecausaleffect of
the independentvariableon the dependentvariable. The
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only signi�cant potentialthreatto internal validity comes
from the threegroupsthat took part in thesurvey doingso
atdifferenttimes.Thus,it is possiblethatsomeparticipants
gainedadvancedknowledgeof theidenti�ers, functions,or
questions.This is believed to be unlikely. Otherpotential
threatsto internalvalidity, for example,historyeffects,at-
tentioneffects,andsubjectmaturation[28] arenon issues
given the shortdurationof the experiment. As is custom-
ary, selectioneffectswere addressedusing randomselec-
tion. Finally, it is possiblethatexposureto earlyquestions
hadan effect on responsesto laterquestions.No evidence
of thiswasfoundin theparticipantsresponses.

Constructvalidity assessesthedegreeto which thevari-
ablesusedin thestudyaccuratelymeasuretheconceptsthey
purport to measure. As humanassessmentof quality is
rathersubjective,it is possiblethatsomeotheraspectof the
functions(andidenti�ers) assessedaffectedparticipantsrat-
ings'. Indicatorssuchasparticipantscon�dencewereused
to mitigate threatsto constructvalidity. A lesserissueis
thethreatfrom potentialfaultsin theQALP Tool. To miti-
gatethisconcern,matureIR toolswereusedandthoroughly
tested.This reducesthe impactimplementationfaultsmay
haveon theconclusionsreached.

Finally, a threatto statisticalconclusionvalidity arises
wheninappropriatestatisticaltestsareusedor whenviola-
tions of statisticalassumptionsoccur. The statisticaltests
usedwerechosenbasedon pastexperimentsandguidance
of thosetrainedin statistics.This servesto reducethepos-
sibility of aninappropriatetestbeingemployed.

4.4 Preliminary Resultson Identi�er Lists

Two motivationsfor usingidenti�er listscomesfrom the
work of CaprileandTonella,whoobserve“identi�er names
areoneof themostimportantsourcesof informationabout
programentities” [6] andthework of DeienbckandPizka,
who observe that “researchon the cognitive processesof
languageand text understandingshows that it is the se-
manticsinherentto words that determinethe comprehen-
sion process.” Thus,they concludethat the importanceof
identi�er namesis not surprising[10].

A preliminaryexperimentwasrun thatconsiderediden-
ti�er quality. Theunderlyinghypothesisis thata list of fre-
quentidenti�ers canbea usefulpieceof evidencein form-
ing anoverallqualityassessment.In thisexperimentthetop
30 mostfrequentidenti�ers wereextractedfrom four pro-
grams.Eachparticipantwasaskedto predicttheprogram's
quality basedsolely on the identi�ers. Ratherthan bias
participantswith the author's de�nition of identi�er qual-
ity, participantswereinstructedto apply the rulesthey use
whencodingthemselves.

Statistically, thequality ratingsof thefour programsare
drawn from differentpopulations(Friedman,��� ��� � ����� ,
d.f. = 77). An SNK multiplecomparisonyieldstwo groups:

GroupA (p1), which is betterthanGroupB (p2, p3, and
p4). In a detailedinspectionof the four programsby the
authors(performedbeforetheexperimentwasconducted),
p1 hadthehighestquality, followedby p2, p3, and�nally
p4. While thereis not suf�cient datafor statisticalcompar-
ison, it is interestingthat this order is consistentwith the
two groupsobtainedusingonly identi�er basedquality rat-
ings. As identi�ers carrysigni�cant semanticinformation,
thissupportstheir incorporationasonepieceof evidencein
thequalityassessmentof a program.

5 RelatedWork

This sectionconsiderswork relatedto the QALP tool
and,whereappropriate,highlightsthesimilaritiesanddif-
ferenceswith theQALP approach.Firstthreegeneralappli-
cationsof IR to sourcecodeareconsidered,andthenapro-
gressiontowardswork morecloselyrelatedwork to QALP
is considered.This progression�rst samplesprojectsthat
considergeneralqualitymetrics,andthenthosethatextract
information from comments,identi�ers, and �nally their
combination.

Three generalareasof IR applicationto sourcecode
emergefrom the literature. First, IR techniqueshave been
usedto improve, track,andidentify the impactof require-
ment changes.Dag et al. presentsan automatedsimilar-
ity analysisof textualrequirementsusingIR techniques[9].
They reportthatthetechniquehelpedengineersidentify re-
lationshipsbetweenrequirements,including requirements
duplicatesandinterdependencies.Hayeset al. reportsuc-
cesswith the relatedproblemof improving requirements
tracingbasedon framingtheproblemasaninformationre-
trieval (IR) problem[13]. Finally, Antoniol et al. propose
an IR-basedmethodthat given a maintenancerequest,ef-
fectively identi�es the set of systemcomponentsinitially
affectedby themaintenancerequest[2].

Thesecondareais (re)establishinglinks betweensource
code and its documentation. Here, Maletic et al. [20]
usedLatentSemanticAnalysis(LSA) to �nd links between
sourcecodeanddocumentation.They worked with com-
mentsandidenti�er nameswithin thesourcecodeto extract
semanticmeaningwith respectto theentireinputdocument
space[22]. In similar work, Antoniol et al. andDe Lucia
et al. investigatedthe useof IR methodsto recover trace-
ability links betweensourcecodeanddocumentation,and
betweensourcecodeandrequirements[3, 18]. Two case
studiessupportthehypothesisthattheprobabilisticandthe
vectorspaceIR modelsaresuitablefor recoveringtraceabil-
ity links betweencodeanddocumentation.

TheQALP tool'suseof cosinesimilarity is similarto the
useof cosinesimilarity in thesetechniques.While theinfor-
mationgatheredis appliedto a differentuse,internally the
onlysigni�cant differenceis thatthepresentQALP toolsfo-
cusesononly internaldocumentationandthetechniquesof
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Antoniol andMarcusfocuson theexternaldocumentation.
Futurework with theQALP tool includesincorporatingin-
formationfrom theexternaldocumentation.

The third and �nal area �nds commonalitiesdirectly
in the sourcecode. This is similar to the early work of
Maarek [19] on the useof IR to automaticallyconstruct
software libraries. More recently, Marcuset al. useLSA
to identify semanticsimilaritiesbetweensourcecodedoc-
uments[21]. In similar work Kawaguchiet al. describe
anautomaticsoftwarecategorizationalgorithmto help�nd
similar softwaresystemsin software archives [15]. They
explore several known approachesincluding codeclones-
basedsimilarity metric,decisiontrees,andlatentsemantic
analysis. Finally, in a relatedvein, Marcuset al. address
theproblemof conceptlocationusinglatentsemanticanal-
ysis[23]. Two conceptlocatorsarepresented–onebasedon
userqueriesandtheotheronpartially automatedqueries.

Most existing codebased(quality assessment)metrics
focuson distilling a programdown on to an ordinal scale.
For example,the object-orientedquality metricsproposed
by ChidamberandKemerer[8] areall integervalues. Al-
thoughthey rely moreon syntacticstructuresof C++ code
to predictquality, the techniquesdo associatemetricswith
(atypeof) softwarequality;empiricalinvestigationof these
metrics[4, 5, 11], shows that they predictfaultsin classes
(higher metric valuesas associatedwith classeswherea
highnumberof faultsarefound).

Two things distinguishthe QALP approachfrom this
prior work. First, existing metricstendto have a high cor-
relationwith thesimplemetric“lines of code” [12], which
the techniquesconsideredhereindo not. Second,while it
computesnumericscoresinternally, thefocusof theQALP
approachis to extract quality indicatorsfrom the source
codeandthenallow aprogrammerto evaluatethemthereby
leveragingthe programmer's intuition and experiencein
formingaquality assessment.

Representative work thatextractsinformationfrom pro-
gramcommentsis thatof Sayyad-Shirabadat el. who pro-
poseatechniquefor thecreationof a“light-weight” concep-
tualknowledgebaseaimedathelpinganapprentice“under-
stand,navigate,andsearchwithin thecode”[27]. Theirpro-
cessassumesthatall the importanthigh level conceptsare
mentionedin thecomments.Theseconceptsareextracted
andthenrevisedby a domainexpert.

Switchingto work that focuseson identi�ers, Anquetil
and Lethbridge(amongothers)have observed that there
is somecontroversy over the value of generalidenti�er
names[1]. For example,Sneedstatesthat“in many legacy
systems,proceduresanddataarenamedarbitrarily ����� pro-
grammersoftenchooseto nameproceduresafter their girl-
friendsor favorite sportsmen”[29]. This patternwasob-
servedby oneof theauthorsatapreviousindustrialposition
in thecodingof acolleaguewhowasfondof StarWars.Fol-

lowing Anquetiletal., theQALP tool assumesthatsoftware
engineersaretrying to providesigni�cant names.With the
spreadof true engineeringdiscipline in the softwarecon-
structionprocess,this assumptiongrows increasinglymore
likely to besatis�ed.

An example of a researchproject that considersboth
commentsandidenti�ers is thework of Takanget al. [30],
which describestesting threehypothesis: (i) commented
programsare more understandablethan non-commented
programs;(ii) programsthat containfull identi�er names
aremoreunderstandablethanthosewith abbreviatediden-
ti�er names;and(iii) thecombinedeffectof commentsand
identi�er namestendto enhancetheunderstandabilityof a
programmorethanthe independenteffect of commentsor
identi�er names.

Using a two-way analysisof varianceto study the re-
sultsof objective andsubjective informationgatherfrom a
survey instrument,hypothesis(i) wassupportedby theob-
jective testscores,andhypothesis(ii) wassupportedby the
subjectivescores.

Interestingly, therewasno perceivedimprovementwith
thecombinedeffect of commentsandfull identi�er names.
The authorsobserve that “This may have beenbecause
the commentsdidn't adda signi�cant amountof informa-
tion (theprogramwasfairly straightforwardwithout com-
ments).” This canbecontrastedwith the“real world” code
usedin theexperimentdescribedherein.By providing mul-
tiple aspectsfor an engineerto assess,the QALP tool at-
temptsto provide thebestof bothworldsassometimesob-
jective assessmentsandsometimessubjective assessments
arepreferable.

6 Summary and Future Challenges
Thegoalof theQALP tool is to leveragehumaninsight,

intuition, andjudgmentto assesscodequality in the large.
It doesso by usingaspectsof the systemextractedby IR
techniques.The QALP tool �lls thegapwhereautomated
techniqueshavebeenfoundlackingandwheredirecthuman
assessmentis prohibitively expensive. Leveragedquality
assessmentscanbe used,for example,to assessthe com-
pressioneffort (and subsequentcost) requiredto make a
changeandto identify partsof a programin needof pre-
ventativemaintenance.Theempiricalstudyfrom Section4
demonstratesthepromiseof theQALP approach.

Threepromisingareasfor future work include,investi-
gatingscoringtechniquesfor functionswithout comments.
Here it is possiblethat good internal documentation(pri-
marily throughgoodidenti�er names)obviatestheneedfor
(redundant)commenting. One approachto this end will
scorea functionbasedon a correlationbetweenidenti�ers
and the external documentation.A secondareaincludes
plansto extract otherindicatorsincluding CVS comments
borrowing an idea from Chenet al. who useCVS com-
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mentsas a sourceof information for codesearch[7]. A
third areaof future work is basedon the observation of
Deienbcket al. that “a readerof a programtries to map
theidenti�ers readto theconceptsthey mayrefer to” [10].
FutureQALP researchwill attemptto useideasfrom ma-
chine learning[24] to selectkey componentsfrom a pro-
grambasedon higher-level concepts.Parallel to thedevel-
opmentof thesenew techniques,is anongoinginvestigation
of correlationsbetweenleveragedquality assessmentsand
othermeasuresof qualitysuchasbug frequency, reliability,
evolvability, robustness,performance,security, correctness,
andportability.
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