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Abstract

Thegoal of thisreseach is to applylanguage processing
techniquesto extendhumanjudgmentinto situationswheie
obtainingdirecthumanjudgmentis impractical dueto the
volumeof informationthat mustbe consideed. On aspect
of this is leveraged quality assessmentsjhich can be used
to evaluatethird-party codedsubsystemdp track quality
acrosstheversionsof a program,to assesshecompession
effort (andsubsequentost)requiredto make a changg, and
to identify partsof a programin needof preventativemain-
tenance

A descriptionof the QALP tool, its outputfrom just un-
der two million lines of code and an experimentaimedat
evaluatingthetool'susein leveragedquality assessmerare
presented.Statisticallysigni cant resultsfrom this experi-
mentvalidatethe useof the QALP tool in humanleverage
guality assessment.

1 Intr oduction

Assessin@ry non-trivial aspecbf alarge pieceof soft-
wareis adif cult task.Unfortunatelyfor mary suchtasks,
automatedechniqueshave failed to capturehumanintu-
ition (e.g., asto the quality or compleity of thecode).The
goalof thisresearclis to leveragetechnique$rom informa-
tion retrieval (in particular languageprocessingjnto atool
thatallows humanevaluationof softwarein thelarge. Ex-
ampleapplicationsncludequality assessmentomprehen-
sibility assessmengnd compleity assessmer(the com-
plexity of changinga pieceof coderatherthanformal algo-
rithmic compleity).

Historically, InformationRetrieval (IR) hasbeenapplied
to unstructuredext (asopposedo the structurednforma-
tion usedby databasenanagemergystems).Recently IR
techniqueswhich narronv the amountof text a humanhas
to process;have provenusefulin mary disparateareasin-
cluding the managementf hugescienti ¢ andlegal liter-
ature,of ce automationandto supportcomplex software
engineeringrojects”[3]. Thus,IR techniquesreanatural
choicefor processindarge codebases.

This papelintroducesandempiricallyassessethe appli-
cationof IR'slanguageprocessingechniquego quality as-
sessmerdsimplementedn the QALP (Quality Assessment
usingLanguagéProcessingjool. The QALP tool leverages
identi ers and relatedcommentsto extract aspectf the
programthatarerepresentatie of theentireprogramsqual-
ity. Thisfacilitatestheassessmenmf large systemsvherea
bruteforceapproachs infeasible.

The QALP approachis quite generalin the sensethat
how quality is de ned canvary dependingpn the extracted
quality indicator For example,one indicatoris basedon
identi ers andthus, for this indicator code quality is as-
sumedto be correlatedwith identi er quality. The main
focusof the empiricalinvestigationpresentedn Section4
is on functionextraction For this indicator codequality is
de ned in termsof the degreeof correspondencef com-
mentsandcode.

Situationsin which suchan assessmerdre useful in-
clude the evaluationof third-party codedsubsystemsnd
in the selectionof codefor preventatize maintenanceCon-
sider, for example,the caseof an organizationthat hiresa
third party to codea software subsystenbasedon a high
level design.In additionto integrationtestingof the deliv-
eredsubsystemthe organizatiorwould bene t from some
notion of its quality (and thus, for example, somenotion
of the future coststo comprehendand maintainthe sub-
system). While thoroughlyassessinghe entire subsystem
might take asmuchtime aswriting it, leveragedquality as-
sessmendllows the selectionof aspectof the codewhose
quality is representatie of the entirecodebase.

Onemotivationfor the focuson identi ers is that most
of the application-domainknowledge that programmers
possessvhenwriting the codeis capturedby identi ers'
mnemonicg3]. Antoniol etal. write “Programmersendto
processapplication-domairknowledgein a consistentvay
whenwriting code: programitem namesof differentcode
regionsrelatedto a giventext documentarelikely to be, if
not the same,at leastvery similar” Thus, an underlying
premiseof their work andthe QALP tool is that program-
mersusemeaningful(high quality) namegor codeitems.



The remainderof the paperincludesbackgroundnfor-
mationin Section2, followedby adescriptionof the QALP
tool in Section3. Thetool is empirically validatedin Sec-
tion 4. The paperconcludeswith a discussionof related
work in Section5 anda summaryin Section6.

2 Background

This sectionprovidesbackgroundon the IR techniques
usedin the paperincluding the use of the vector space
model,thetf-idf methodfor termranking,andtheyari re-
trieval enging[17]. Finally, the subjectprogramsandstatis-
tical testsusedaredescribed.

2.1 LanguageProcessing

The particularIR techniquesisedin the QALP tool are
basedon LanguageProcessingLP). Although LP hashis-
torically focusedontheanalysisof prose mary of thetech-
niguesdevelopedareapplicableto arbitrarytext documents,
including sourcecode. For example, Antoniol et al. and
Marcuset al. have independentlyanalyzedcommentsand
variablesto (re)establisHinks betweersourcecodeandits
documentatiofi3, 22.

In IR thetermdocumentefersto a cohesve unit of text
andis usuallythe artifactreturnedasthe resultof a query
When consideringsourcecode, potential“documents”in-
cludea classor afunction. The collectionof documentss
processedo construcia corpus.This processknown asin-
dexing, storesinformationaboutthe terms(usuallywords)
thatappeain thedocumentsNotethattheformationof the
corpusdoesnot usea prede nedvocahulary or grammar

Onemethodof processinglocumentss to createa vec-
tor spacemodel (VSM) of the documentsin the corpus.
VSM considerseachword asbeinga separatalimen-
sionin an -dimensionalvector spacewheresimilarity is
de ned usingthe cosineof the anglebetweentwo vectors.
Giventhata querycanalsobe expressedasa vector doc-
umentscan be ranked accordingto their similarity to the
query This samemeasureallows documentcomparison
whenusedto asses$fiow similar a pair of documentsre.

A VSM canbeimprovedby usingstemmingandby em-
ploying astop-listto decreas¢hedimensionalityof thevec-
tor space SincelR usesexactmatchesf words,stemming
is generallyappliedto naturallanguagedocuments. This
eliminatessufx esso that the frequeng of a word disre-
gardsits particularforms.

A stop-listcanbeusedo omit wordsthatarenotthought
to berelevant. In English,wordssuchas“the” canbeelim-
inated. Sincethe commentsarewritten in naturalEnglish,
they are stoppedusing a standardenglish stop-list. The
codeis thenstoppedusing a specialstop-listthatincludes
frequentlyusedwordsthat are not uniqueto the concepts
involvedin the code.Thestop-listfor Cincludeskeywords
(e.g., while ), prede nedidenti ers (e.g., NULL), library

function andvariablenames(e.g., strcpy anderrno ),
andall identi ers thatconsistof a singlecharacter

Once the vector spacehas beenreducedusing stem-
ming andstopping,weightsare assignedo the words. Of
the mary alternatvesfor assigningweights, the standard
method termfrequency-imersedocumenfrequencytf-idf)
is used[26]. It providesa methodfor weighting the im-
portanceof a term (word) to a documentelative to the fre-
qgueng of thetermin the entirecollection. The weighting
takesinto accountwo factors:termfrequeng in the given
documentand inversedocumentfrequeny of the termin
the whole collection. In short,term frequeng in a docu-
ment shavs how importantthe termis in that document.
Documentfrequeng of the term (the averagenumberof
timesthetermoccursin agivendocumentshavs how gen-
erally importantthe termis. A high weight usingtf-idf is
thusachiezedby atermthatoccursmuchmorethantheav-
eragein adocumentput is rarein theentirecollection.

The QALP tool usesthe searchengineYari, developed
by Victor Lavrenko at the Centerfor Intelligent Informa-
tion Retrieval [17]. Oneadwantageof usingYari is thatthe
searctengineis freely availablefor researcipurposeslong
with its sourcecode,sothatnew applicationscanbe devel-
opedbasedon a collectionindexed by Yari. In additionto
the ability to build retrieval collectionsfrom arbitrarytext,
additionalfunctionalitywasbeenincludedin Yari. For ex-
ample,thereare several similarity functionsincluding co-
sinesimilarity andpart-of-speechecognitionfunctionsthat
enablegherecognitionof nounsin naturalEnglish.

2.2 SubjectPrograms

This paperpresentempiricaldatafrom the 17 programs
shavn in Figure1l. The gure includestwo measuref
programsize:the rst usegheunix utility word-countwc),
andthesecondheutility sloc _count , whichcountsnon-
comment-non-blankines of code. As describedin Sec-
tion 3.1, functionsare usedasdocuments.The next three
columnsgive the numberof functionsin eachprogramthe
numberof functionsthat include commentseither before
or within the function, and nally the percentagef func-
tionsthatincludecommentsThe nal columngivesabrief
descriptionof eachprogram. Note that gnugo underwent
“objecti cation” with Version3.0, which accountgor the
largeincreasen the numberof functions.

2.3 Statistical Tests

Severalstatisticaltestsareusedin the paper First, when
its normality assumptioris satis ed, the students t-testis
usedto provide statisticalcon dencewhencomparingthe
meanof two populationsWhencomparingneanof more
thantwo populationsor whennormality cannotbe ensured,
oneof four differenttestsis used.First, the Mann-Whitney
testis a nonparametri@lternatve to the students t-testfor



LOC LOC function functionswith percenwith

Program (wc) (sloccount) | 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 comparautilities

e X 20,156 14,455 343 228 66% | GnulLex
named 101,827 70,042 2,631 1,687 64% | Bindversion8.2.1
replace 563 512 21 1 5% | Stringreplacementtility
gce 834,738 588,394 13,555 11,030 81% | Thegcccompilerversion2.95
barcode8 4,858 3,198 100 90 90% | A barcodeeader
gnugo-1.2 2,857 1,748 31 28 90% | Sevenversionsof the
gnugo-2.0 | 26,388 21,721 947 163 17% | Gnuimplementatiorof 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.

determiningf two independensamplegomefrom two dif-
ferentpopulations Whenmorethantwo populationsareto
beconsideredthe Kruskal-Wallis testis used.This testde-
terminesf atleastonesamplecomesfrom a differentpop-
ulationthantheothers.Whenthesamplesoncerrthesame
participant (non-independent)hen the Wilcoxon signed-
rankstestis usedin placeof the Mann-Whitne test, and
Friedmans testis usedin placeof the Kruskal-Wallis test.
Both theselater testsare nonparametri@lternatvesto an
analysisof variance(ANOVA).

Finally, the Kolmogoros-Smirnov test is usedto de-
termine whethertwo underlying probability distributions
differ from each other (rather than simply their means
asin the aforementionedests). It doesso applying the
Mann-Whitne testto the Cumulative Distribution Func-
tions (CDFs) of two datasets. This testdeterminesf the
populationsfrom which the samplesaretaken have differ-
entdistributions. A CDF is constructedn a nonparametric
manner;thus, no default distribution shapes assumedin
the caseof a testinvolving morethantwo sampleswhen
there is evidence of a difference,the Student-Nesman-
Keuls(SNK) testis usedto identify groupsof sampleswith
signi cant differences.

For both, the parametricand nonparametridests, two
valuesarereportedthe degreesof freedomanda -score.
The -scorecanbeinterpretedasfollows: avaluelessthan
0.0l indicatesa strongrejectionof the null hypothesisa
valuelessthen0.05indicatesa rejection,and a valueless
than0.10indicatesaweakrejection.A -scoregreateithan
0.10meanghatthenull hypothesicannotberejectedthus,
thereis no statisticalevidenceof a difference.

3 QALP

Thetechniqueemployedby the QALP tool aredesigned
to allow anengineetto form anopinionasto the quality of
the entire system(unlike metricswherequality is typically
measurean someordinal scale). Eachtechniquetakesas
input sourcecode (and potentially its accompaying doc-
umentation)and extractsfrom the code (and documenta-
tion) variousquality indicators.An assessafa softwareen-
gineer)is thencalled on to evaluatetheseindicators. By
evaluatingthe codefrom variousperspecties,the assessor
provides multiple judgmentsof the codes quality. These
judgmentsarethenusedto form a human-lereragedjuality
assessmerf the system.

Exampleextractiontechniquesnclude function quality
assessmeniglenti er extraction,machinéearning,andex-
ternaldocumentatiorcorrelations.This sectionfocuseson
functionquality assessmentvhichis empirically studiedin
the next section.To provide someindicationof the variety
of the techniquesjdenti er extractionis brie y described
atthe endof this section. Following Takanget al., both of
thesetechniquesare basedon Brooks' model of program
comprehensionwheremore commentsand higher quality
identi er namesareassumedo producecodethatis easier
to comprehend30].

3.1 Function Quality Assessment

The goal of Function Quality Assessmeris to group
functionsby relative quality. If successfulfunctionsfrom
thesamegroupwill have similarquality. Thisallowsaqual-
ity assessmeffibr anentireprogramto be obtainedby sam-
pling a subsebf thefunctionsfrom eachgroup.

Function quality assessmentisescosine similarity to
scorefunctions.A corpusis built for eachprogramindivid-



ually (andnot for all programstogether) which meanshe

idf valueis relative to the particularprogramnotmary pro-

grams.This processeaginsby dividing a programs source
codeinto sggmentswvhich arethentreatedasindividual doc-

umentsfor the purposesof applying languageprocessing
techniquesThe exactsourcecodethatmakesup a segment
canvary with languageand application. For example,a

classis the obviouschoicefor an object-orientedanguage.
In thispapertheempiricalstudyinvolvesC programsthus,

theobviouschoicefor a“segment”is a C function.

The QALP tool divides eachfunctioninto two “docu-
ments”: Oneincludesonly sourcecodeandthe otheronly
headerandinline comments.The commentsare stemmed
to remove sufx es and stoppedusing a standardEnglish
stop-list. The codeis thenstoppedusingthe programming
language-speci stop-listdescribedn Section2. Theguid-
ing assumptiorhereis thatif the codeis high quality then
the commentggive a good descriptionof the code (future
work will considercaseswvherethis is not the case). Fur-
thermore suchcodeusesdenti er namedserivedfrom the
sameconceptsasdescribedn the comments.

Roughlyspeakinglgood)commentsanbedividedinto
two categories. Thosethatdescribethe internalsof a func-
tion for future maintainersandthosedesignedor external
users(callers)of the function. The techniquesdescribed
in this sectionwork betterwith the former kind of com-
ment. The latter may not include signi cant overlapwith
the codeandthuswill resultin lower cosinesimilarity. Fu-
ture work with the QALP tool includescorrelationswith
externaldocumentationThisis expectedo work well with
commentsaimedat externalusersasthe goal of suchcom-
mentsis to provide a different level of abstractionthan
that of the function's implementation. The externaldocu-
mentationwill alsobe usedwith functionsthat containno
commentsTheseapproachewill complementhe existing
techniques.

After dividing eachfunction, the cosinesimilarity be-
tweensourcecodeandrelatedcommentss computedfor
eachfunctionusingtf-idf termweighting[26]. Figure2 de-
picts all the scoresfor commentedunctionsof at least25
words from the programgcc. (The analysisomits small
functions(thosehaving fewer than25 words),asthey tend
to have high similarities, but areotherwiseunhelpfulwhen
generatingquality assessment® the large.) Scoresare
sortedalong the -axis. Pointsto the left have higher
similarity as measuredn the -axis. The empirical data
presentedn the next sectionshaws that functions with
highercosinesimilaritiesreceve higherhumanquality as-
sessments.

A correlationbetweentool scoreand quality allows the
scorego be usedto partition functionssuchthattwo func-
tionsin thesamepartitionshouldreceve similarassessment
if shovn to anengineel(hereaftetheterm“score”refersto
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Figure 2. Sorted list of cosine similarities for
the 8322 functions of gcc that have more than
25 words. The -axis shows the cosine simi-
larity score. The -axis shows the percent of
gcc's functions considered.

thetool'soutputandtheterm*“rating” refersto valuesgiven
by programmersncluding study participants). The parti-
tions areusedin leveragedquality assessmemherethey
maleit possibleto reducethequantityof codeshavn to the
engineemwhowill still comeaway with a senseof the over-
all quality of the code.As few asonefunctionper partition
could be used,but a greaterumberincreaseson dence.
The QALP tool effectively selectghisrepresentatie subset
of thefunctions.

In certainapplicationsof the QALP approactthis selec-
tion might considemot the entireprogram but rathersome
subsebf its modules.This subsemight containthosemod-
ulessuppliedby athird party, or mightincludethemodules
identi ed by anothertool asrelevantfor a particularactiv-
ity. For example,whenperformingcorrective maintenance
anextractiontool might identify thosemodulesrelevantto
achangeTheextractedcodecouldthenbe assesselly the
QALP tool to aidin providing apreliminaryestimateof the
costto comprehen@ndsubsequentlghangehecode.

A longitudinalapplicationof the QALP tool supportsa
quick assessmertf the relative quality of severalversions
of a system. For example, Figure 3 presentsQALP tool
scoredfor sevenversionsof gnugo. The moststriking fea-
ture, easily visible in the chart, is the threedistinct bands
that correspondo the three major releasesstudied. The
shortdiagonalline in the lower left of the chartis Version
1.2. Thethreegray lines arefrom 2.X versions,and the
top threelines arefrom 3.X versions. At a minimum this
is evidencethat commentingof the codeoccursmostly at
thereleaseof majorrevisions. Thedistancedbetweerthese
groupsare statistically signi cant (Kolmogoro/-Smirnov,

, d.f. = 4663) (recall that the Kolmogorov-
Smirnos comparedlistributions). The SNK testappliedto
all sevenversionsreportsthreegroupsthat corresponcex-
actly to thethreemajorversionsof gnugo.

3.2 Identi er Extraction

Rilling and Klemola obsere, “In computerprograms,
identi ers represente ned conceptgand] identi er den-



Figure 3. Seven versions of gnugo. The -axis
shows the tool score. The -axis shows each
function sorted by score.

sity corresponds$o comprehensionost” [25]. Knuth noted
thatdescriptveidenti ers areaclearindicatorof codequal-

ity andcomprehensibility16]. Identi er extractionis based
ontheseobsenationsandthe assumptionthatthe clarity of

highly usedidenti ers is of particularimportance.

In fairness,quality programscan have poor identi ers
(eventhoughit is expectedhatqualityidenti ers would ac-
compary quality programs);thus, this informationis not
a perfectbarometer Extractingidenti ers is, however, in
keepingwith the QALP tool's goal of extractinga variety
of indicatorsthata softwareengineeicanuseasevidencein
forming anoverallassessment.

It is reasonable¢o askif IR techniquesrereally neces-
saryas,for example,adevelopercouldquickly assesglen-
ti ers quality by glancingover the sourcecode(identi ers
mightevenbemoremeaningfuin context). While for small
to mid-sizedcodeghis is areasonablapproachpneof the
goalsof the QALP projectis the assessmertf softwarein
thelarge. For example Eclipse3.0M7hasjustover2MLoC
and 94,829differentidenti ers (which is aroundthe same
numberof words asin Oxford AdvancedLearners Dic-
tionary) [10]. An unfortunateengineemmight samplethe
Eclipsesourcecodeto geta feel for its quality andendup
consideringparticularly good (or bad)identi ers (evenin
context) andcomeaway with thewrongimpression.

Of course,looking through2MLoC is a dauntingtask.
By selectingkey identi ers, assessmertf softwarein the
largebecomegpossible. Thedif cult taskis de ning which
identi ers are key. In the preliminary study discussedn
Section4.4, this is donebasedon frequeng. Furtherem-
pirical work will comparealternatede nitions of “key,” for
example,thoseusedin themost les, thosedeclaringcom-
mondatastructurespr eventhosewith high tf-idf scoresn
a modulerelative to the entire program. Sucha studywill
also considerthe pros and consof consideringidenti ers
outof context.

To beusedasa quality indicator, the extractedidenti er
list is stoppedthus,removing commontype namessingle
characteilidenti ers, library function names.etc. andthen
sortedbasedn frequeng of occurrenceWhile the present
tool doesnotperformthis step,it wouldbepossibleo 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 last 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. Frequency sorted identier lists
from replace and gnugo . In all, replace has
75 unique identi er s while gnugo has 134.

in syntacticcontet by, for example,separatindocal vari-
ablesby context.

For example, Figure 4 includes partial identi er lists
from the programsreplace andgnugo. Thetop ve most
frequentidenti ers are showvn 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 contet, theidenti er namesoard_size andstrate-
gic_distance_to_white cornvey signi cant conceptuainfor-
mation.In contrastgventhe abbreviationsusedin replace
that could be consideredyood abbreviations, suchas pat,
carry cognitive overhead 14]; thus,they accompag code
thatwill, for example,beharderto comprehend.

4 Empirical Validation

An empiricalvalidationstudyof the functionquality as-
sessmentvas conducted. The designof the experiments
andresultsarereportedfollowed by a discussiorof threats
to the validity andsomepreliminaryresultsfrom a related
study of identi er usage. Theseresultsare importantbe-
causethey validatethe useof the QALP tool in assessing
software quality, which is a necessargtepin performing
leveragedjuality assessment.

4.1 Experiment Design

The amountof codeusedin the suney instrumentmust
be large enoughto obtain interestingresults, but small
enoughto allow thesurwey to becompletedn atimely man-
ner. Usingthe cosinesimilaritiesasa guide,the following
proceduravasusedto selecthestudy's 18 functions.Start-
ing from a pool of 52 programscontaining58,959func-
tionsandover 2 million lines of code,Stepl extractedall
commentedunctionswith betweereightand fteen unique
identi ers. Therewere10,686functionsthatmetthis crite-
ria. Suchfunctionshave roughly fteen to forty lines of
code,which make theman appropriatdengthfor the sur
vey instrument. From eachprogram,a triple of functions



waschosersuchthatit includedonefunctionwhosecosine
similarity scorewas high, onethatwasin the middle, and
onewhosescorewaslow. This limited the pool to 28 pro-
grams.Triplesfrom six of theseprogramswereselectedor
the study Theresulting18 functionscontaina total of 692
linesof code.

The experimentwas designedwith the following three
parts. First, basicinstructions(e.g., the scaleusedfor the
rankings)andde nitions suchas,in generatterms,the as-
pectsof quality (e.g., that functionsbe single thoughtco-
hesve entities, etc.) were provided. Theseguidelinesdid
not mentioncommentsor hint at any valuein connecting
comment@andthecode.Along with aquestionnair@isedto
gatherdemographiénformation.

Thesecondandthird partsmake upthecoreof theexper
iment. The secondhad participantsconsiderthe six func-
tion triples (shovn in randomorder). They wereinstructed
to rst ratetheir comprehensionf eachfunctionona ve
pointscalefrom “not atall” to “crystalcleat” Thisallowed,
for example, the effect of poor understandingn quality
scorego beaccountedor. Theparticipantgshenwereasled
for relative quality ratingsof thethreefunctionsandto pro-
videda measuref thecon denceof their ranking.

The third part of the experimentasled 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 this orderto familiarizepar
ticipantswith the programsbefore askingthat they order
them,theoppositeorderis preferableor presentationthus,
below thedatafrom the nal questionis consideredrst.

The target populationfrom which the participantswere
drawn includesnovice throughexperiencedsoftware engi-
neers.In total eighteenparticipantstook partin the study
All participantswere students(including pre- and post-
baccalaureate)r faculty at Loyola College (a convenience
sample)andrangedfrom the secondyearof studythrough
postgraduatedegreeholders. Consistentith similar con-
trolled experimentsn softwareengineering28] experience

did not have a statisticallysigni cant effect on responses.

This is not a surprise at leastto the extentthatthe experi-
mentcanbe cateyorizedassoftware psychologywhereno
differencewould beexpected28]. However, it is important
to notethat the numberof participantsis small for sucha
differenceto appearstatisticallysigni cant. Finally, given
theshortdurationtherewasno mortality (drop-outsamong
thesubjects.

4.2 Experiment Results

Averagetool scoresand participantratingsfor the six
programsare shovn in Figure5. The averageis the aver-
agescoreof the functionsusedin the study Informally,
thereappeardo be agreemenfor most of the programs.

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

For examplectags it theworstand e x thebestusingboth
the participantsscoresandtool ratings. To formally study
relative quality assessmerthe “ percentprecisionin pair-
wisedifferences (similar to the IR metric precision-recall)
is used. For eachpair of programsthe differencein mean
scoreandmeanrating is computed.The datais thensorted
basedon the magnitudeof the differencein scores. The
averagenumberof agreementén thetop entriesyields
percentprecisionthrough . The expectedresultis to nd
agreementor “larger” differencesAs themagnitudeof the
differencein scoreapproachegero,agreemenis expected
to becomemorerandom.

Figure 6 shaws the sortedscoresand ratingsfor each
pair of programscompared. The fourth columnincludes
“yes” iff thetool andthe surwey agreeon the relative rank-
ing of thetwo programslf the QALP tool assignedandom
quality scoresthenthe probability of agreementwould be
50%. If thetool wereperfectthenthiswouldbe100%.The
penultimatecolumngivesthe percentprecision. The nal
columnprovidesthe scorecomparingthe percentpreci-
sionwith atool thatmaderandomquality assignmentsAs
the underlyingdistribution satis esthe normality test, the
studentst-testwasusedto testthesigni canceof eachrow.

The expectedpatternis presenin the datawherefor dif-
ferenceof atleast0.23in tool scoresthereis 100%agree-
ment. Statistically for a differenceof at least0.12in tool
score( rst underline) the percentprecisionis signi cantly
differentfrom random.Evendown aslow asdifferenceof
0.04, thereis weak statisticalevidenceof non-randomness
(secondunderline).

Finally, attributing agreemenftailuresto the programs
they involve, the programwith the highestscore ( e x)
and the lowest score(ctags) had no agreemenfailures.
Thus,thereis consistenagreemendnwhich programis 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



Differences | Agreement
Programs| Tool Suney|Surwey| Percent (Mean

ComparedScore Rating|- Tool |Precision > 0.5)

p3-p5 |-0.38 -1.93| yes 100% -
p5- p6 0.37 0.33] yes 100% -
pl-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%

0.023

pl-p4 |-0.20 0.07| no 86%
p4-p5 |-0.14 -080| 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
pl-p2 |-0.08 0.07| no 67% 0.133
pl-p3 | 004 1.20| yes  69% 0.087
pl-p6 | 0.03 -0.40] no 64%  0.151
p3-p6 | -0.01 -1.60| yes  67% 0.104

Figure 6. Tool - Survey Agreement (sorted by
magnitude of tool score diff erence).

andthe secondncludesall the programsexcept e x; thus,
e x with ameanof 4.27is of higherquality thanctags with
a meanof only 2.33. Whendirectly comparedthis differ-
enceis highly signi cant (Wilcoxon, , d.f. =26).
Notice thatthe QALP tool doesnot indicatethat e x is of
highquality only that e x is higherquality codethanctags.
Thedatafor individualfunctionsis now consideredThe
guestiorunderinvestigationis do QALP tool scoresandthe
suney ratingsassigrthesamerelative orderto thefunctions
of eachprogram. To quantify the rankingsonto a similar
scaleasthe cosinesimilarity, the highestranked function
wasassigned..0points,themiddlefunction0.5points,and
thelow function0.0 points. With threefunctionsfrom each
of 6 programs,18 intra-programcomparisonsxist. The
function comparisonsare shovn in Figure 7 sortedon the
magnitudeof tool scoredifference.
Similar to the programquality comparisonsthe differ-

encein rankswas comparedto the differencein scores.

As showvn in Figure 7 the last point at which it is possi-
ble to rejectthe null hypothesiss for differencef atleast
0.10((t-test, , d.f. =18). Thus,differencedess
than0.10arenot statisticallyinteresting.This pointis very
closeto the scoredifferenceof 0.12foundwhencomparing
programg(Figure6); these ndings sene to reinforceeach
other Finally, it turnsoutthatthelastpoint for weakstatis-
tical difference( ) is the sameasthat of statistical
difference( ).

To summarizethe two studies,for “suf cient” differ-
encesn quality score the QALP tool's measuref relative
quality betweenfunctionsis consistenwith humanjudg-
ment. This validateshe useof the QALP tool in leveraging
humanquality assessmeratsthe tool canbe usedto parti-
tion functionsbasedon score.

Differences | Agreement
Functions| Tool Surwey|Surwey| Percent (Mean
Compared Score Rating - Tool |Precision > 0.5)
5a-5b -0.46-0.06| yes  100% -
4a-4c 0.39 0.31| vyes 100% -
4a-4b 0.33 0.06| yes 100% -
5b-5¢ 0.29 0.13| yes 100% -
la-1b -0.20-0.06| yes 100% -
5a-5c -0.18 0.06| no 83% 0.016
6a-6¢ -0.17 0.16| no 71% 0.071
1b-1c 0.17 0.03| vyes 75%  0.032
2a-2c -0.16 0.31| no 67%  0.096
6a-6b -0.10-0.16| vyes 70%  0.049
2b-2c -0.09 0.16| no 64%  0.118
2a-2b -0.07 0.16| no 58%  0.225
6b-6¢C -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| vyes 50%  0.500
la-1c -0.04-0.03| vyes 47%  0.625
3a-3b -0.002 0.06| no 44%  0.730

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

4.3 Threatsto Validity

In any empiricalstudy it is importantto considetthreats
to validity (i.e., the degreeto which the experimentmea-
sureswhatit claimsto measure).Therearefour typesof
validity relevantto this researchexternalvalidity, internal
validity, constructvalidity, andstatisticalconclusionvalid-
ity.

Externalvalidity, sometimeseferredto asselectionva-
lidity, is thedegreeto which the ndings canbegeneralized
to otherorganizationsor settings. In this experiment,se-
lectionbiasis possibleasthe selectedunctions,programs,
andparticipantsmay not be representatie of thosein gen-
eral; thus,resultsfrom the experimentmay notapplyin the
generalcase. Careful selectionof the functionsmitigates
the impact of their selection. It is possible,but believed
unlikely, thatprogramswritten for domainsnot considered
(e.g., real-time systems,embeddedsystems,event-driven
systems,or even non-opensourceprograms)may exhibit
signi cantly differentbehaiior. Finally, only a few experi-
encedprogrammersook partin theexperiment.While their
datadoesnot appeardifferentfrom the averagesthereare
insufcient datafor statisticallysigni cant conclusionsto
bedrawn. It is possiblethatrepeatinghe experimentwith
only advancedsoftware engineersvould producestronger
or oppositeresults. The latter would renderthe tool of
greateruseby junior professionals.

Secondis the threatto internal validity: the degreeto
which conclusionscanbe drawvn aboutthe causaleffect of
the independenvariable on the dependentariable. The



only signi cant potentialthreatto internal validity comes
from the threegroupsthattook partin the surwey doing so
atdifferenttimes. Thus,it is possiblehatsomeparticipants
gainedadvancedknowledgeof theidenti ers, functions,or
questions.This is believedto be unlikely. Otherpotential
threatsto internalvalidity, for example,history effects, at-
tention effects, and subjectmaturation[28] arenonissues
giventhe shortdurationof the experiment. As is custom-
ary, selectioneffects were addressedising randomselec-
tion. Finally, it is possiblethatexposureto early questions
hadan effect on responseso later questions.No evidence
of thiswasfoundin the participantsesponses.

Constructvalidity assessethe degreeto which the vari-
ablesusedn thestudyaccuratelyneasurgheconceptshey
purportto measure. As humanassessmentf quality is
rathersubjectve, it is possiblethatsomeotheraspecof the
functions(andidenti ers) assessedffectedparticipantgat-
ings'. Indicatorssuchasparticipantscon dencewereused
to mitigate threatsto constructvalidity. A lesserissueis
thethreatfrom potentialfaultsin the QALP Tool. To miti-
gatethisconcernmaturelR toolswereusedandthoroughly
tested. This reduceghe impactimplementatiorfaultsmay
have ontheconclusiongeached.

Finally, a threatto statisticalconclusionvalidity arises
wheninappropriatestatisticaltestsare usedor whenviola-
tions of statisticalassumption®ccur The statisticaltests
usedwerechoserbasedon pastexperimentsandguidance
of thosetrainedin statistics.This senesto reducethe pos-
sibility of aninappropriataestbeingemployed.

4.4 Preliminary Resultson Identi er Lists

Two motivationsfor usingidenti er listscomesrom the
work of CaprileandTonella,whoobsene“identi er names
areoneof themostimportantsourcesf informationabout
programentities” [6] andthework of DeienbckandPizka,
who obsenre that “researchon the cognitive processe®f
languageand text understandingshows that it is the se-
manticsinherentto words that determinethe comprehen-
sion process. Thus,they concludethat the importanceof
identi er namesds not surprising[10].

A preliminaryexperimentwasrun thatconsideredden-
ti er quality. Theunderlyinghypothesiss thatalist of fre-
guentidenti ers canbe a usefulpieceof evidencein form-
ing anoverallquality assessmenin this experimenthetop
30 mostfrequentidenti ers were extractedfrom four pro-
grams.Eachparticipantwasaskedto predictthe programs
quality basedsolely on the identi ers. Ratherthan bias
participantswith the authors de nition of identi er qual-
ity, participantawvereinstructedto applytherulesthey use
whencodingthemseles.

Statistically the quality ratingsof the four programsare
drawn from differentpopulations(Friedman,

d.f. =77). An SNK multiple comparisoryieldstwo groups

GroupA (pl), which is betterthanGroupB (p2, p3, and
p4). In adetailedinspectionof the four programsby the
authors(performedbeforethe experimentwasconducted),
pl hadthe highestquality, followedby p2, p3, and nally
p4. While thereis not sufcient datafor statisticalcompar
ison, it is interestingthat this orderis consistentwith the
two groupsobtainedusingonly identi er basedquality rat-
ings. As identi ers carry signi cant semantidnformation,
this supportgheirincorporatiorasonepieceof evidencein
the quality assessmermf a program.

5 RelatedWork

This sectionconsiderswork relatedto the QALP tool
and,whereappropriatehighlightsthe similaritiesand dif-
ferencesvith the QALP approachFirstthreegenerabppli-
cationsof IR to sourcecodeareconsideredandthena pro-
gressiortowardswork morecloselyrelatedwork to QALP
is considered.This progressionrst samplesprojectsthat
considergeneraluality metrics,andthenthosethatextract
information from comments,identi ers, and nally their
combination.

Three generalareasof IR applicationto sourcecode
emepge from theliterature. First, IR techniqueshave been
usedto improve, track, andidentify the impactof require-
ment changes. Dag et al. presentsan automatedsimilar-
ity analysisof textual requirementsisingIR technique$9].
They reportthatthetechniquehelpedengineersdentify re-
lationshipsbetweenrequirementsjncluding requirements
duplicatesandinterdependenciesdayeset al. reportsuc-
cesswith the relatedproblem of improving requirements
tracingbasedon framingthe problemasaninformationre-
trieval (IR) problem[13]. Finally, Antoniol et al. propose
an IR-basedmethodthat given a maintenanceequest ef-
fectively identi es the set of systemcomponentsnitially
affectedby themaintenanceeques{2].

Thesecondareais (re)establishindinks betweersource
code and its documentation. Here, Maletic et al. [20]
usedLatentSemanticAnalysis(LSA) to nd links between
sourcecodeand documentation.They worked with com-
mentsandidenti er nameswithin thesourcecodeto extract
semantianeaningwith respecto theentireinputdocument
space[22]. In similar work, Antoniol et al. andDe Lucia
et al. investigatedhe useof IR methodsto recover trace-
ability links betweensourcecodeand documentationand
betweensourcecodeandrequirementg3, 18]. Two case
studiessupportthe hypothesighatthe probabilisticandthe
vectorspacdR modelsaresuitablefor recoveringtraceabil-
ity links betweercodeanddocumentation.

The QALP tool'suseof cosinesimilarity is similarto the
useof cosinesimilarity in thesetechniquesWhile theinfor-
mationgathereds appliedto a differentuse,internally the
only signi cant differencds thatthepresenQALP toolsfo-
cuseon only internaldocumentatiomndthe technique®f



Antoniol andMarcusfocuson the externaldocumentation.
Futurework with the QALP tool includesincorporatingn-
formationfrom the externaldocumentation.

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
anautomaticsoftwarecateyorizationalgorithmto help nd
similar software systemsin software archives[15]. They
explore several known approachesncluding codeclones-
basedsimilarity metric, decisiontrees,andlatentsemantic
analysis. Finally, in a relatedvein, Marcuset al. address
the problemof conceptiocationusinglatentsemanticanal-
ysis[23]. Two conceplocatorsarepresented—onigasecn
userqueriesandthe otheron partially automatedjueries.

Most existing code based(quality assessmenthetrics
focuson distilling a programdown on to an ordinal scale.
For example,the object-orientedjuality metricsproposed
by Chidamberand Kemerer{8] areall integervalues. Al-
thoughthey rely moreon syntacticstructuresof C++ code
to predictquality, the techniquesio associatenetricswith
(atypeof) softwarequality; empiricalinvestigatiorof these
metrics[4, 5, 11], shows thatthey predictfaultsin classes
(higher metric valuesas associatedvith classeswherea
high numberof faultsarefound).

Two things distinguishthe QALP approachfrom this
prior work. First, existing metricstendto have a high cor-
relationwith the simplemetric“lines of code”[12], which
the techniquesonsiderechereindo not. Secondwhile it
computesiumericscorednternally, the focusof the QALP
approachis to extract quality indicatorsfrom the source
codeandthenallow a programmeto evaluatethemthereby
leveragingthe programmess intuition and experiencein
forming a quality assessment.

Representate work that extractsinformationfrom pro-
gramcommentds thatof Sayyad-Shirabadt el. who pro-
poseatechniquéor thecreationof a“light-weight” concep-
tualknowledgebaseaimedathelpinganapprenticéunder
stand havigate,andsearctwithin thecode”[27]. Theirpro-
cessassumeshatall theimportanthigh level conceptsare
mentionedn the comments.Theseconceptsare extracted
andthenrevisedby a domainexpert.

Switchingto work that focuseson identi ers, Anquetil
and Lethbridge (among others) have obsened that there
is some controversy over the value of generalidenti er
nameg1]. For example,Sneedstateghat“in mary legag
systemsproceduresinddataarenamedarbitrarily ~ pro-
grammeroften chooseto nameproceduregfter their girl-
friends or favorite sportsmen’129]. This patternwas ob-
senedby oneof theauthorsata previousindustrialposition
in thecodingof acolleaguevhowasfond of StarWars. Fol-

lowing Anquetiletal.,the QALP tool assumethatsoftware
engineersaretrying to provide signi cant names.With the
spreadof true engineeringdisciplinein the software con-
structionprocessthis assumptiorgrows increasinglymore
likely to besatis ed.

An example of a researchproject that considersboth
commentsandidenti ers is thework of Takanget al. [30],
which describegesting three hypothesis: (i) commented
programsare more understandabléhan non-commented
programs;(ii) programsthat containfull identi er names
aremoreunderstandablthanthosewith abbreviatediden-
ti er namesand(iii) thecombinedeffectof commentsand
identi er namegendto enhancehe understandabilityf a
programmorethanthe independeneffect of commentsor
identi er names.

Using a two-way analysisof varianceto study the re-
sultsof objective andsubjectve informationgatherfrom a
suney instrumenthypothesigi) wassupportedy the ob-
jective testscoresandhypothesigii) wassupportedy the
subjectve scores.

Interestingly therewasno percevedimprovementwith
the combinedeffect of commentsandfull identi er names.
The authorsobsene that “This may have beenbecause
the commentdidn't add a signi cant amountof informa-
tion (the programwasfairly straightforwardwithout com-
ments). This canbe contrastedvith the“real world” code
usedin theexperimentdescribecherein.By providing mul-
tiple aspectdor an engineerto assessthe QALP tool at-
temptsto provide the bestof bothworldsassometime®b-
jective assessmentnd sometimesubjectie assessments
arepreferable.

6 Summary and Future Challenges

Thegoalof the QALP tool is to leveragehumaninsight,
intuition, andjudgmentto assesgodequality in the large.
It doesso by usingaspectof the systemextractedby IR
techniques.The QALP tool lls the gapwhereautomated
technique$iave beerfoundlackingandwheredirecthuman
assessmernis prohibitively expensve. Leveragedquality
assessmentsan be used,for example,to assesshe com-
pressioneffort (and subsequentost) requiredto make a
changeandto identify partsof a programin needof pre-
ventatve maintenanceThe empiricalstudyfrom Section4
demonstratethe promiseof the QALP approach.

Threepromisingareasfor future work include, investi-
gatingscoringtechniquedor functionswithout comments.
Hereit is possiblethat good internal documentatior{pri-
marily throughgoodidenti er names)phbviatestheneedfor
(redundant}commenting. One approachto this end will
scorea function basedon a correlationbetweenidenti ers
and the external documentation. A secondareaincludes
plansto extract otherindicatorsincluding CVS comments
borraving an idea from Chenet al. who use CVS com-



mentsas a sourceof informationfor codesearch[7]. A
third areaof future work is basedon the obsenation of
Deienbcket al. that “a readerof a programtries to map
theidenti ers readto the conceptdhey mayreferto” [10].
FutureQALP researchwill attemptto useideasfrom ma-
chinelearning[24] to selectkey componentdrom a pro-
grambasedon higherlevel concepts.Parallelto the devel-
opmentof thesenaw techniguesis anongoinginvestigation
of correlationsbetweeneveragedjuality assessmengnd
othermeasuresf quality suchasbug frequeng, reliability,
evolvability, robustnessperformancesecurity correctness,
andportability.
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