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Abstract
Readers of programshavetwo mainsourcesof domaininfor-

mation: identi�er namesandcomments.It is therefore important
for the identi�er names(as well as comments)to communicate
clearly theconceptsthat they are meantto represent.Deißenb̈ock
and Pizka recently introducedrules for conciseand consistent
variablenaming. Onerequirementof their approach is an expert
providedmappingfromidenti�ers to concepts.

Anapproach for theconciseandconsistentnamingofvariables
thatdoesnot require anyadditionalinformation(e.g., a mapping)
is presented.Usinga poolof 48million linesof code, experiments
with theresultingsyntacticrules for conciseandconsistentnam-
ing illustrate that violations of the syntacticpattern exist. Two
casestudiesshowthat threequarters of theviolationsuncovered
are “r eal”. That is they wouldbeidenti�ed usinga conceptmap-
ping. Techniquesfor reducingthe numberof falsepositivesare
also presented.Finally, two relatedstudiesshowthat evolution
doesnot introducerule violationsand that programmers tendto
usea ratherlimited vocabulary.
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1. Intr oduction

Concise and consistentvariable naming, as describedby
Deißenb̈ock and Pizka, can improve code quality through im-
proved identi�er names[5]. Themotivation for their work is the
observation that “lousy naming in one placespoils comprehen-
sion in numerousotherplaces,” while the basisfor their work is
found in the quote“researchon the cognitive processesof lan-
guageand text understandingshows that it is the semanticsin-
herentto words that determinethe comprehensionprocess”[5].
Otherstudieshave alsopointedto the importanceof goodidenti-
�er names.For example,Rilling andKelmolaobserve “In com-
puterprograms,identi�ers representde�ned concepts”[11], while
CaprileandTonellapoint out that“Identi�er namesareoneof the
mostimportantsourcesof informationaboutprogramentities”[4].

Deißenb̈ock andPizka's technique,requiresa mappingfrom
thedomainof identi�ers to thedomainof concepts.Sucha map-
ping must be constructedby an expert. For new projects,this
mappingcanbeconstructedalongsidetheprogramwith minimal
addition cost. For existing programs,however, the cost can be

prohibitively expensive. This paperconsiderssyntacticconcise
andconsistentnaming. In otherwords,by only consideringthe
syntacticmakeupof identi�ers, cana usefulapproximationto the
techniquesof Deißenb̈ock andPizkabeachieved?

In moredetail, Deißenb̈ock andPizkade�ne threerules,one
for conciseandtwo for consistentidenti�er names.An identi�er is
conciseif its semanticsexactlymatchthesemanticsof theconcept
it is usedto represent.For example,output �le name concisely
representsthe conceptof the nameof an output �le. (A related
notion, correctnessallows an identi�er to representa moregen-
eralconcept.For example,�le name correctly, but not concisely,
representstheconceptof thenameof anoutput�le, while theiden-
ti�er foo neithercorrectlynor conciselyrepresentstheconcept.)

There are two rules related to consistentidenti�ers. They
identify inconsistenciescausedby identi�er homonyms andsyn-
onyms. In naturallanguage,a homonym is oneof two or more
wordsspelledandpronouncedalikebut differentin meaning(e.g.,
`waste' and `waist') [14]. A synonym is one of two or more
wordsor expressionsof thesamelanguagethathave thesameor
nearly the samemeaningin someor all senses(e.g., `baby' and
`infant') [14].

In aprogram,anidenti�er is ahomonymif it is associatedwith
morethanoneconceptfrom theprogram.For example,in a pro-
gramdealingwith bothabsoluteandrelative directorypaths(two
differentconcepts),the identi�er path is a homonym asit is as-
sociatedwith morethanoneconcept.As Deißenb̈ock andPizka
emphasize,accuratelyknowing the setof all conceptsusedin a
programis important.The identi�er path is not a homonym in a
programwith onlyonepathconcept.Thus,it is importantthatonly
conceptsfrom theprogrambeconsidered.Otherwise,theconcept
spacebecomestoo largeandunwantedinconsistenciesoccur.

The secondinconsistency involvessynonyms: two identi�ers
thatcanbeassociatedwith a commonconcept.For example,the
identi�ers hash andhash value aresynonymsaseachcanrepre-
senttheconceptof anobject's hashvalue. As a secondexample,
the identi�ers list head and list front arealsosynonyms (head
andfront aresynonymsin English).

Identi�ers thatfail to beconciseor consistentincreasethecom-
prehensioncomplexity andits associatedcosts[5]. Suchfailures
can be identi�ed using Deißenb̈ock andPizka's techniquespro-
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vided a mappingfrom identi�ers to conceptsis available. In the
absenceof suchamapping,it is still possibleto identify asubsetof
thesenamingfailures.Techniquesfor doingsoareintroducedand
empirically investigatedin this paper. In moredetail, theprimary
contributionsof this paperarethefollowing:

1. The de�nition of syntax-basedconcisenessand consistency
that doesnot requirean expert-constructedmappingfrom
identi�ers to concepts.

2. An empiricalinvestigationof atool basedonthesyntacticdef-
inition. The experiments,which study almost50 million
lines of code,considerthe prevalenceof concisenessand
consistency failures. Statisticalmodelsare usedto better
understandthecollecteddata.

3. Two casestudies. The �rst exhaustively considersall con-
cisenessandconsistency failuresfrom two smallprograms.
This studycomparesthe tool's output to that producedby
a human“oracle”. Thesecondcasestudyconsidersa sam-
pling of the concisenessandconsistency failuresfrom the
largerprogrameMule, a170KLoC C++ program.

4. An empirical investigationof an observation by Antoniol et
al., thatprogrammersusea ratherlimited vocabulary [3, 2].
In particular, incorporatingnaturallanguagesynonymsdoes
not dramaticallyincreaseconcisenessandconsistency fail-
ures.

5. Finally, alongitudinalstudyaddressesthequestion“doesevo-
lution introduceconcisenessandconsistency failures?”

Therestof thispaper�rst presentssomenecessarybackground
material in Section2. De�nitions of syntacticconcisenessand
consistency aregiven in Section3, followedby empiricalstudies
in Section4. Relatedwork is thenconsideredin Section5. Finally,
the paperconcludeswith a discussionof sometopics for future
investigationanda summaryin Sections6 and7.

2. Background

This sectionprovides context for the techniquedescribedin
Section3 and the empiricalevidencepresentedin Section4. It
�rst, describestheWordNet tool usedto obtainnaturallanguage
synonyms andpart of speechinformationandthenthe identi�er
splitting tool usedto break identi�ers up into their constituent
parts. Information on the subjectprogramsstudiedis then pre-
sentedfollowedby informationon thestatisticaltestsused.

2.1 WordNet
WordNet is a lexical databaseof the English languagedevel-

opedby theCognitive ScienceLaboratoryat PrincetonUniversity
[6]. WordNetcontains155,327differentwordsclassi�edasnouns,
verbs,adjectives,andadverbs.Thepowerof WordNetcomesfrom
therelationshipsthathave beenidenti�ed, which includestopical
relationships,synonym relationships,andhomonym relationships
to namea few. For example,WordNet identi�es headandmind
assynonyms. This ontologyhasbeenusedby many researchers
including thosein the �eld of information retrieval [9] anddata
mining [8]. Thereis now an internationalconferencedevotedto
WordNetwhichhasreportedon thecreationof WordNetfor other
languages– Russian,Arabic, Persian,Korean,etc.,andapplica-
tionsof thetool.

2.2 Identi�er Splitting

Following otherswho studyidenti�ers, identi�ers aredivided
into their constituentpartsfor analysis[5, 4, 11,2]. Herein,these
parts are called “words” – sequencesof characterswith which
somemeaningmaybeassociated.Two kindsof wordsareconsid-
ered:hard wordsandsoftwords. Hardwordsaredemarkedby the
useof word markers(e.g., theuseof CamelCaseor underscores).
For example,the identi�ers sponge bob andspongeBob both
containthewell separatedhardwordssponge andbob.

For many identi�ers, thedivision into hardwordsis suf�cient.
Thisoccurswhenall thehardwordsaredictionarywordsor known
abbreviations. Whenthe hardword is neither, the identi�er con-
tainsnon-well-separatedwords. The identi�cation of these“soft
words” is thegoalof identi�er splitting. Forexample,theidenti�er
zeroindeg includesa singlehardword becausethereareno word
markers;thus,division into hardwordsis insuf�cient. Thesplitter
dividesthis hardword into thethreesoft wordszero-in-deg (i.e.,
zero, in, anddeg, aknown abbreviation). Thealgorithmdoesthis
by usinga greedyapproachthat recursively comparesthelongest
pre�x andsuf�x thatarein thedictionaryor aknown abbreviation
list.

2.3 SubjectPrograms

The analysisincludesempiricaldatacollectedfrom 186 pro-
grams.Up to 70versionsof aprogramwereconsideredto support
the longitudinal studies. Ignoring multiple versions,78 unique
programswereconsidered.All but 12wereopensourceprograms.
Programsrangedin sizefrom 1,423to 3,087,545LoC andcovered
a rangeof applicationdomains(e.g., aerospace,accounting,oper-
atingsystems,programenvironments,movie editing,games,etc.)
andstyles(commentlines,GUI, real-time,embedded,etc.).Most
of thecodewaswritten in C. Signi�cant C++ andJava codewere
alsostudiedalongwith asmallamountof 30yearoldFortrancode.
Severalof theprogramswerewritten by programmerswhosena-
tive languagewasnot English. For theseprogramsthe analysis
wasperformedusingadictionaryfor theprogrammer'snative lan-
guageor, if multiple languageswereevidentin thecode,theunion
of therespective dictionaries.(Thepublicly availabledictionaries
thataccompany theLinux spellchecker ispell version3.1.20were
used.)

Figure1 shows10representativeC,C++,andJavasubjectpro-
grams. The two Fortran programsare not shown in the �gure.
They arePLM compilersfrom 1975and1981andinclude9,704
and11,478LoC, respectively.

The �gure reportscodesizesfor C, C++, andJava (andtheir
sum)ascountedby the Unix utility wc (excluding header�les).
In addition,the total numberof non-commentnon-blanklinesof
code,asreportedby sloc [15], is shown. Theaveragepercentage
of non-commentnon-blanklinesvariesby languagewith 66%of
theC code,72%of theC++ code,and58%of theJavacodebeing
non-commentnon-blanklines. The last two columnspresentthe
start year of the project and its releaseyear. Thesedateswere
extractedfrom programdocumentation(internalandexternal). In
general,the releaseyear is more accurateas in can be dif�cult
to determinethestartyearfor a programthat includesthird party
librarieswritten beforetheprogram“started”.
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wc sloc year
program C C++ Java Total Total start release

cinelerra-2.0 1,044,996 106,357 0 1,151,353 820,980 1996 2004
cpm68k1-v1.2a 132,171 0 0 132,171 102,252 1978 1984
empireserver 85,548 0 0 85,548 62,793 1985 1998
eMule0.46c 1,759 172,164 0 173,923 135,567 1999 2005
I4.2 2,109,050 398,463 502,965 3,010,478 1,704,823 1993 2004
jakarta-tomcat-5.5 68,003 0 353,604 421,607 219,766 1999 2005
LEDA-3.0 41,610 0 0 41,610 27,425 1988 1992
minux-2.0 326,210 0 0 326,210 244,033 1980 1996
mozilla-1.4 1,047,741 1,949,292 6,493 3,003,526 2,107,436 1998 2003
quake3-1.32b 353,806 57,431 0 411,237 281,432 1999 2005
Totalsfor all codenot just thatshown above
opensource 19,170,546 14,587,482 6,327,380 40,106,590 27,129,263
proprietarysource 7,167,689 787,094 582,107 8,536,890 5,391,815
all 26,338,235 15,374,576 6,909,487 48,643,480 32,521,078

Figure 1. Subject Programs (proprietar y programs are named I#).

Figure2 summarizesstatisticsregardingthe identi�ers along
with somedemographicinformation(e.g., dominantprogramming
language,and the start and releaseyearsof the program). The
top 14 rows of the table presenta representative sampleof the
programs. The bottom seven rows summarizethe dataover all
programs(not just that of the representative programsin the top
of thetable).Summariesincludetwo orthogonalgroupings(open
sourceversusproprietary, andby programminglanguage)andall
thedatatakencollectively.

2.4 Statistical Tests

Several statisticaltechniquesareusedin the interpretationof
thedatagatheredduring the study. This sectionintroducesthese
techniquesandcanbeskippedby thosefamiliarwith statistics.

Whena simplelinear associationis of interest,Pearson's lin-
earregressionmodel,whichmeasureslinearcorrelationsbetween
variables,is built. For the effect of explanatoryvariablesX , Y ,
andZ on responsevariableA, the resultingmodel coef�cients,
m i , belongto thelinearequationA = m1X + m2Y + m3Z + b:
Eachcoef�cient hasan associatedp-value. A p-value lessthan
0.05representsasigni�cant explanatoryvariable.

For more complex models, linear mixed-effects regression
models[13] areusedto analyzethedata. Suchmodelsallow the
examinationof importanteffects that areassociatedwith the re-
sponsevariables.Theinitial modelincludesexplanatoryvariables
anda numberof interactionterms. The interactiontermsallow
theeffectsof onevariableon theresponsevariableto changede-
pendinguponthevalueof anothervariable.Backwardelimination
of statisticallynon-signi�cant terms(p > 0:05) yields the �nal
model. Note that somenon-signi�cantvariablesandinteractions
areretainedto preserveahierarchicalwell-formulatedmodel[10].

In thesemodels,Tukey's highly signi�cant differencemethod
for multiple comparisonsis used.However, computinga standard
t-valuefor eachcomparisonandthenusing the standardcritical
valueincreasestheoverallprobabilityof aTypeI error. Thus,Bon-
ferroni'scorrectionis madeto thep-valuesto accountfor multiple
comparisons.In essenceeachp-valueis multipliedby thenumber

of comparisonsandtheadjustedp-valueis comparedto thestan-
dardsigni�cance level (0.05) to determinesigni�cance. Tukey's
methodandBonferroni's correctionwerechosenbecausethey are
bothratherconservative tests.

With bothPearson'stestandthelinearmixed-effectsregression
models,thecoef�cient of determination,R2 , is reported.This co-
ef�cient is interpretedastheproportionof thevariability of there-
sponsevariablethatis explainedby theselectedexplanatoryvari-
ables.Thiscoef�cient rangesfrom 0 to 1; thecloserto 1, thebetter
themodel.

3. Technique

Deißenb̈ock andPizkadescribea formal model for adequate
identi�er namingthat includesrules for the correct and concise
namingof identi�ers [5]. Their rulesmakesuseof the setof all
conceptsrelevantto aprogramandprovide“a formalmodelbased
onbi-jective mappingsbetweenconceptsandnames.”

The rules include three requirementsinvolving homonyms,
synonyms,andconciseness.Thesethreecanbeformalizedasfol-
lows: an identi�er i is a homonym if it representsmorethanone
conceptfrom the program(e.g., the identi�er �le in Figure 3a).
Two identi�ers i1 andi2 aresynonymsif theconceptsassociated
with i1 have a non-emptyoverlap with the conceptsassociated
with i2 (e.g., the identi�ers �le and�le name sharethe concept
�le namein Figure3b). Finally, an identi�er i for conceptc is
conciseprovidedno conceptlessgeneralthanc is representedby
anotheridenti�er (anexampleis givenin thenext paragraph).

Deißenb̈ock andPizkapresenta casestudy in which mainte-
nanceintroducesthesevenidenti�ers pos, apos, abspos, relpos,
absolute position, relative position, andposition representing
two conceptsc1 = “absoluteposition” and c2 = “relative posi-
tion”. The identi�er position fails the homonym consistency re-
quirementasit is associatedwith morethanoneconceptfrom the
program(in this caseconceptsc1 andc2). In addition,the study
determinedthat relpos andrelative position wereboth usedfor
conceptc2 , which violatesthesynonym consistency requirement.
Finally, theidenti�er position wouldconciselyrepresentsthecon-
ceptabsolute position providedthattheprogramdid not include
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dominant start release LoC unique id hard soft percentz

program language year year (wc) ids instances words words increase
cinelerra-2.0 C 1996 2004 1,151,353 84,612 1,833,424 209,059 261,793 25.2%
cpm68k1-v1.1 C 1974 1983 73,172 4,167 79,660 4,560 8,193 79.7%
eclipse-3.2m4 Java 2001 2005 3,087,545 167,662 3,893,272 554,068 612,632 10.6%
gcc-2.95 C 1987 1999 841,633 44,941 897,728 110,060 146,474 33.1%
I1 C 1987 1997 454,609 30,092 482,228 48,125 82,307 71.0%
I4.2 C 1993 2004 3,010,478 113,662 2,694,901 328,079 422,364 28.7%
I6.6 C 2000 2002 237,257 10,791 104,290 29,207 34,549 18.3%
jakarta-tomcat-5.5.11 Java 1999 2005 421,607 19,202 351,487 48,537 54,471 12.2%
mozilla-1.6 C++ 1998 2004 2,919,307 189,916 3,649,329 563,448 659,396 17.0%
mysql-5.0.17 C++ 1996 2005 1,293,270 50,383 1,023,362 132,249 163,363 23.5%
plm80s Fortran 1975 1977 9,704 581 22,314 581 886 52.5%
quake3-1.32b C 1999 2005 411,237 31,114 542,664 75,474 94,144 24.7%
sendmail-8.7.5 C 1983 1996 78,757 2,877 62,075 4,492 6,828 52.0%
spice3f4 C 1985 1993 298,734 12,388 452,423 24,599 34,882 41.8%

Totals for hard soft
(over all codenot instances words words LoC unique id hard soft percent
just thatshown) perid perid perid (wc) ids instances words words increase

opensource 19.2 2.7 3.2 40,106,590 2,504,937 48,098,029 6,817,779 8,040,625 17.9%
proprietary 19.6 2.7 3.5 8,536,890 385,792 7,543,663 1,055,329 1,331,327 26.2%
C 18.6 2.5 3.1 26,338,235 1,566,289 2,9074,119 3,956,372 4,821,045 21.9%
C++ 19.3 2.9 3.5 15,375,576 965,402 18,836,801 2,835,896 3,341,987 17.8%
Java 22.1 3.0 3.4 6,909,487 356,225 7,885,428 1,076,709 1,203,537 11.8%
Fortran 18.0 1.4 1.8 21,182 2,238 40,273 3,141 3,993 27.1%
All 19.3 2.7 3.2 48,643,480 2,890,153 55,638,621 7,872,119 9.370,562 19.0%

Figure 2. Basic counts from 14 selected programs. Some of the programs from Figure 1 are repeated
for comparison, other' s were selected to provide diver sity in the presented data. zPercent increase
is the percent increase from hard words to soft words.

any otherpositionconcepts(e.g., relativeposition). As the pro-
gramincludedmultiple speci�c kinds of positions,the identi�er
position fails theconcisenessrequirement.

In mostinstances,whenthehomonym requirementis violated
thesynonym requirementis alsoviolated.Figure3 illustratesthis.
The identi�er �le is a homonym associated,in differentpartsof
theprogram,with theconceptof a �le nameandelsewherea �le
pointer. If thetwo conceptsareto bereferredto in thesamescope
(at leastin a stronglytypedlanguage)thenat leastoneadditional
identi�er would berequiredasshown in Figure3b. However, the
inclusionof this secondidenti�er introducesa synonym violation
astheidenti�ers �le and�le name bothreferto thesameconcept.

In thisexampleany functionthatopensa�le wouldneedto re-
fer to boththe�le nameand�le pointerconcepts.As anexample
in which it is plausiblethatahomonym wouldexist in theabsence
of asynonym, considerthesituationshown in Figure3cin thecon-
text of aprogramthatreadsadirectorypathinto thevariablepath
andthenpassesit to eitherfunctionf1 or f2 dependingon thepath
beingrelative or absolute.If f1 andf2 usethenamepath for their
formalparameter, thentheprogramincludestwo conceptsrelative
pathandabsolutepathandonly usesoneidenti�er, path, to refer
to them. This violatesthe homonym rule, but not the synonym
rule.

Theabsenceof a conceptmappingprecludesthediscovery of
identi�ers thatviolate thehomonym restrictiononly. Testingthat
identi�ers satisfy a restrictedform of synonym consistency and
conciseness,canbeachieved syntactically(i.e., without the iden-
ti�er to conceptmapping). It turnsout that a similar patternin-
dicatesa violation of the syntactic-synonym consistency require-
mentandthesyntacticconcisenessrequirement.Both involve an
identi�er being containedin another. Here containmentresults

whenoneidenti�er includes,in thesameorder, all thesoft words
from another. For example, the identi�er relative position in-
cludestwo hardwordseachcomposedof a singlesoft word. Thus
this identi�ers includes,in order, all thesoft wordsfrom theiden-
ti�er position.

An importantimplication of this containmentis that the con-
ceptsassociatedwith the two identi�ers have a non-emptyin-
tersection;thus, violating Deißenb̈ock and Pizka conceptspace
by de�nition. The presenceof a secondcontaining identi�er
(e.g., absolute position), which alsocontainsposition, implies
Deißenb̈ockandPizkarule for concisenesshasalsobeenviolated.
It doesso becausethe two containingidenti�ers imply the pro-
gramincludestwo separateconcepts,but thecontainedidenti�er
doesnot preciselyrepresenteither of them. More formally, the
two violationsarede�ned asfollows.

De�nition 3 SyntacticSynonymConsistencyand Conciseness.
Let identi�er id1 be the sequence of soft words
sw1 sw2 � � � swn 1 . Identi�ers id1 and id2 fail the syntactic
synonym consistence requirement if id 2 includes the se-
quence of soft words w1 w2 � � � sw1 sw2 � � � swn 1 � � � wn 2

(i.e., id2 = w1 w2 � � � id1 � � � wn 2). Furthermore, id1

fails the syntactic concisenessrequirement if there exists a
third identi�er id3 that includes the sequenceof soft words
u1 u2 � � � sw1 sw2 � � � swn 1 � � � un 3 .

Section4 empirically investigatestwo importantquestionsre-
latedto thisde�nition. First,dosynonym consistency andconcise-
nessfailuresexist in realcode?Obviously, thetechniqueis of lit-
tle interestif violationsareinfrequentor non-existent.Second,are
syntacticviolationsindicative of violationsusingtheDeißenb̈ock
and Pizka concept-mapbasedde�nitions? If the syntacticap-
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Figure 3. Illustration of the two types of syntactic violation. Figure (a) sho ws a homon ym violation.
Figure (b) sho ws how a synon ym violation is also intr oduced by the function that opens a �le . Finall y,
Figure (c) sho ws a plausib le homon ym onl y example .

proachcanidentify a usefulsubsetof the violations,without the
needfor aconceptmapping,thenit formsthecoreof ausefultool.

Section4 also investigatesa relatedhypothesissuggestedby
the following observation of Antoniol et al., “Programmerstend
to processapplication-domainknowledge in a consistentway
when writing code: programitem namesof different code re-
gions relatedto a given text documentare likely to be, if not
the same,at least very similar” [3, 2]. This observation sug-
gestsprogrammersuse a limited vocabulary and can be tested
using WordNet to identify all possiblesynonyms for eachsoft
word in an identi�er. More formally, assumethat for soft word
w, S(w) denotesthe natural languagesynonyms of w. In
De�nition 3 replacew1 w2 � � � sw1 sw2 � � � swn � � � wm with
w1 w2 � � � s1 s2 � � � sn � � � wm , wheresi 2 S(swi ) andthecor-
respondingreplacementfor id 3 . For example,usingWordNet,
theidenti�ers list head andlist front violatethesynonym ruleas
headandfrontarenatural(English)languagesynonyms.

This sectionconcludesby consideringone of several re�ne-
mentsto syntacticconcisenessandconsistency. Section6 (future
work)describesothers.De�nition 3 is astraightforwardrestriction
of Deißenb̈ock andPizka's work in theabsenceof anidenti�er to
conceptmapping.It is possibleto improveuponthisby exploiting
certaingrammaticalpatternsthatindicatedifferentconcepts.

For example,onecommonpatternseenin theempiricalstud-
ies is to have two identi�ers whereoneis a nounphraseandan-
other that includesa verb with this noun phrase. For example,
tree node andvisit tree node. Syntactically, tree node is con-
tainedin visit tree node andthusa (syntactic)violation. How-
ever, thesetwo identi�ers are associatedwith different (related)
conceptsandthusnoviolationexistsin theDeißenb̈ock andPizka
sense.UsingWordNet to identify partsof speech,this patternis
easyto detect.Section4 empirically investigatesthefrequency of
thispattern.

4. The Study

Dataregardingsyntacticconsistency andconcisenessfailures
found in the 186 programsis presentedthrough � ve empirical
studies.The �rst summarizesstatisticsover all programs.Next,
two casestudiesareconsidered,oneexhaustiveandonesampling.
Finally, a longitudinalstudyandan investigationof theimpactof
incorporatingnaturallanguagesynonyms into identi�ers arecon-
sidered.

4.1 Statisticsover all Programs

The ability to identify syntacticconcisenessand consistency
failuresis of little valueif the patterndoesnot occurin practice.
Figure4 shows thepercentfailurefor 42 representative programs
alongwith thenumberof uniqueidenti�ers in eachprogramand
thepercentageof severe failuresin which thecontainedidenti�er
includesatleastthreesoftwords.Thechartbelow thetable,shows
the failurepercentsfor all 186programs.Synonym andconcise-
nessfailuresaresortedindependently;thus,vertical comparisons
do not re�ect a particularprogram.Theshapeof thecurvespro-
videsa generalfeel for thedistribution of thedata. Basedon the
last row in the table,anaverageprogramincludesjust over 2900
identi�ers that fail the synonym requirementand just over 1300
thatfail theconcisenessrequirement.This indicatesthatsuf�cient
violationsexist in practiceto warrantfurtherstudy.

Fromthetablein Figure4, it appearsthatthepercentageof syn-
onym failuresis not stronglycorrelatedto the numberof unique
identi�ers. This is statisticallytrue(R2 = 0.12). To bettermodel
the percentageof synonym failures,backward elimination start-
ing with the explanatoryvariablesprogramsize, start year, re-
leaseyear, programminglanguage,and open sourcewas used.
Theresultingmodelincludesonly releaseyearandprogramming
language.Notably absentis any measureof programsize. The
model's R2 valueof 0.48meansthat it explainsjust underhalf of
thevariationin thepercentage.This modelindicatesanincreases
of 0.42%synonym failuresfor eachyearlateraprojectis released
anda 4.3%increasefor Java programs(no otherlanguagemadea
signi�cant difference).

Themodelfor thepercentageof concisenessfailuresis lessin-
formative andmorecomplicated. Its R2 valueof 0.22 indicates
that lessthana quarterof the variationin the percentageof con-
cisenessfailuresis explainedby the model. The �nal model in-
cludesthefollowing explanatoryvariables:startandreleaseyears,
programlanguage,and open-source.The main complicationin
thismodelis aninteractionbetweenopensourceandreleaseyear.
Thus releaseyearhasa differenteffect on openandproprietary
sourcecode.In this case,anincreasein releaseyearbringsanin-
creaseof 0.14%to thepercentageof concisenessfailuresin open
sourcecodewhile it bringsa reductionof 0.28%in the percent-
ageof concisenessfailuresin proprietarycode. Neitherof these
percentagesarelarge. In addition,every yearlater a projectwas
startedit has0.12%fewer failuresand,aswith thesynonym fail-
ures,Java brings a greaterpercentage.In this case1.9% more
concisenessfailures.
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unique Failures SevereFailures
identi Syno Concise Syno Concise

program �ers nym ness nym ness
LEDA-2.1.1 2226 21% 10% 2% 2%
LEDA-3.1.2 2946 20% 8% 1% 1%
a2ps-4.12 3593 22% 10% 3% 2%
apache1.3.29 8040 19% 8% 4% 3%
barcode-0.98 344 21% 6% 5% 1%
*byacc.1.9 507 20% 9% 1% 0%
cinelerra-2.0 71995 21% 9% 6% 4%
*compress 164 11% 5% 0% 0%
cpm68k1-v1.3 2417 12% 6% 0% 0%
cvs-1.11.1p1 5552 20% 9% 3% 2%
eMule0.46c 21372 17% 8% 6% 4%
eclipse-2.1 83207 26% 11% 10% 6%
eclipse-3.2m4 155932 25% 9% 11% 4%
*genesis-all-3.0 2110 33% 12% 13% 5%
ghostscript-7.07 26546 19% 9% 6% 4%
gnuchess-4.0 1198 16% 8% 1% 1%
*gnugo-1.2 114 15% 8% 0% 0%
gnugo-2.0 627 15% 6% 1% 1%
gnugo-3.0.0 3118 21% 9% 3% 2%
httpd-2.0.48 16975 19% 9% 5% 3%
I1 29619 17% 12% 5% 4%
*I4.1 92547 21% 11% 10% 7%
I4.2 110727 21% 11% 10% 7%
I6.1 9869 16% 8% 5% 4%
I6.6 10583 16% 8% 5% 4%
I9 41189 20% 9% 7% 5%
I12 1098 19% 11% 4% 3%
jakarta-tomcat-3.0 3920 24% 9% 5% 3%
jakarta-tomcat-5.5 18416 25% 10% 7% 4%
javabb 073 1716 27% 9% 5% 2%
minux-2.0 21076 15% 7% 1% 1%
mozilla-1.0 173124 22% 9% 8% 5%
mozilla-1.6 176318 22% 9% 8% 5%
mysql-5.0.17 46297 21% 9% 7% 4%
*paci�3d0.3 1139 11% 5% 1% 1%
*plm80s 539 8% 4% 0% 0%
quake3-1.32b 28676 18% 8% 5% 3%
samba-3.0.0 22553 20% 9% 8% 4%
spice3f4 9845 18% 10% 5% 4%
*tile-forth-2.1 661 34% 22% 2% 2%
uupc 147 12% 7% 1% 1%
Min 114 8% 4% 0% 0%
Max 181032 34% 22% 13% 7%
Average 14512 20% 9% 4% 3%

Figure 4. Percent synon ym­consistenc y and
conciseness failures. (A “*” marks programs
with a minim um or a maxim um value . Propri­
etary programs are named I#.)

4.2 ExhaustiveCaseStudies

Giventhata signi�cant numberof syntacticsynonym andcon-
cisenessviolationsoccur, thenext questionto addressis “arethese
violationsreal?” Therearetwo possibledifferencesbetweenthe
violationsthat the syntacticapproachreportsandthoseobtained
usingaconceptmapping.Clearlythesyntacticapproachwill miss
violationswhentheidenti�ers donotsharecommonsourcewords.
For example,theidenti�ers �le , fp, and�n mightbesynonyms(all
representingthe�le pointerconcept),but syntacticapproachcan-
notdeterminethis.

Theotherdifferenceinvolvesidenti�ers for whichthesyntactic
approachidenti�es a violation,but no violation existswhenusing
theassociatedconcepts.To determinehow many suchfalseposi-
tivesthesyntacticapproachproduces,handinspectionof all viola-
tionsfrom two of thesmallerprogramswasperformed.As shown
in the following table, this inspectionproduced� ve categories.
Theencouragingnews is that72%of thesynonym violationsand
76%of theconcisenessviolationsweretrueviolations.For exam-
ple,theidenti�ers status and�le status violatethesynonym con-
sistencerequirementwhile theidenti�ers home dir andin home
indicatetwo re�nementsof the concepthome, which meansthe
identi�er home fails thesyntacticconcisenessrequirement.

Description Synonym Conciseness
(1) violation 49 72% 22 76%
(2) nonviolations 6 9% 3 10%
(3) attribute 9 13% 1 3%
(4) verb-nounphrase 3 4% 3 10%
(5) struct�eld 1 1% 0 0%

All 68 100% 29 100%

Many of the remainingidenti�ers werenon-violations(9% of
thesynonym violationsand10%of theconcisenessviolation). For
example,pre�x is containedin isolate tilde pre�x . While pre-
�x could be replacedwith string pre�x in the string concatena-
tion routing whereit is found, isolate tilde pre�x is a function
whoseassociatedconceptdoesnot overlapwith thatof pre�x . A
concisenessexamplefrom uucp is theidenti�ers FILE, copy �le ,
�le mode, andlog �le . As FILE is a type, it' s conceptis sepa-
rate from the others,althoughthe syntacticalgorithmcannot,at
present,make thisdetermination.

The remainingthreecategoriesall suggestre�nementsto the
technique.The third category includeswhat Ada refersto asat-
tributesand C# as properties. For example, the two identi�ers
cwd andcwd len (asynonym failure),andthethreeidenti�ers re-
sult, result index, andresult size (a concisenessfailure)include
variableproperties. Here,by convention,programmersrecognize
identi�ers suchascwd andresult astheunderlyingvalueof which
theotheridenti�ers areproperties.

The fourth category was mentionedat the end of Section3.
An exampleincludestheidenti�ers home dir andget home dir,
which violate thesyntacticsynonym rule, but areassociatedwith
differentconcepts.Usingpart-of-speechinformation,thiscasecan
beidenti�ed whentwo identi�ers differ by a verb. This patternis
exploredfurtherin Section4.5.
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The �nal category includesa structure�eld adr andthe local
identi�er next adr. Deißenb̈ock andPizkado not explicitly dis-
cussstructure�elds, but including the structurename(letter in
the case),seemsa straightforward extensionof their work that
removesthesynonym failurein this example.

4.3 eMule CaseStudy
Thecasestudyfrom theprevious sectionconsidersall thevi-

olationsin two smallprograms.This sectionpresentsa “selective
casestudy”of eMule a170KLoC C++programchosenatrandom
from thelargerprograms.ExaminingeMule's3725synonym fail-
uresand1762concisenessfailuresis prohibitively expensive. In-
steadsevenrepresentative exampleswereselected.Eachincludes
threeparts:thebase(contained)identi�er, theidenti�ers thatcon-
tain it, anda discussion.

(1) m strHost (thecontainedidenti�er)
m strHostName

The �rst caseis the classicsynonym violation in which
a concept that already has a name receives another.
In this case, the identi�er m strHost and the identi�er
m strHostName both denote to the sameconcept (the
stringrepresentationof thehostcomputerto connectto).

(2) CheckDiskspace
CheckDiskspaceTimed

As a secondclassicexample,eMule includestwo methods
for checkingif suf�cient disk spaceexists to write a �le.
Their names, CheckDiskspace and CheckDiskspace-
Timed, clearly fail to satisfyDeißenb̈ock andPizka's def-
inition of consistency as they both refer to the conceptof
a timeddiskcheck. In this instance,oneobvious �x would
beto renamethe�rst methodCheckDiskspaceUntimed or
somethingsimilar. This would disambiguatethenamesfor
thetwo conceptsof timedandun-timeddisk spacechecks.

(3) IcmpCloseHandle
lpfnIcmpCloseHandle

The third exampleillustratesa casein which synonym re-
striction is formally violated,but knowing a little aboutthe
identi�ers removesany realissue.EMule includestheclass
type IcmpCloseHandle andthe variablelpfnIcmpClose-
Handle of that type. Both identi�ers representthe same
concept,but knowing thatoneis a typenamedisambiguates
thetwo.

(4) m n �le
m n �le size

The identi�ers m n �le and m n �le size form a less
egregious synonym violation. The method “ int CZIP-
File::GetCount() f return m nFile; g” suggeststhat
consistency could be attained by renaming m nFile to
m nFileCount

(5) m wndSplitter
m wndSplitterchat
m wndSplitterirc
m wndSplitterstat
� � �

The eMule classCSplitterControl implementsa window
splitter control. The server window includesa window
splitter, under the name m wndSplitter, as do several
otherwindows. For example,the “chat” window includes
m wndSplitterchat which, like m wndSplitter is of type
CSplitterControl. (Notethatthis identi�er is notwell sepa-
ratedandthusidenti�er splitting into soft wordsis required
to uncover this concisenessfailure.) It is hard to know if
theprogram's evolution beganwith a singlesplitter (in the
server class)and the otherswere subsequentlyintroduced
or not, but in orderto have concisenames,m wndSplitter
shouldberenamedm wndSplitterServer.

(6) GetFileType
GetFileTypeDisplayStr
GetFileTypeByName
GetFileTypeSystemImageIdx
GetFileTypeDisplayStrFromED2KFileType

Thepenultimateexampleinvolves� ve identi�ers. Theex-
istenceof the second,indicatesa synonym violation and
meansthatthe�rst needsto bereplacedto separateits con-
ceptfrom thatof gettinga displayablestringrepresentation
for a �le type. One naive way of doing so is to replace
the�rst identi�er with GetFileTypeNonDisplayStror Get-
FileTypeInternalStr. Note that the latterof thesecon�icts
with thethird identi�er.

A snippetshowing the de�nition of the third identi�er ap-
pearsin Figure5(a). As is clear from the commentspro-
ceedingthe de�nition, to achieve conciseness,the third
identi�er shouldbe replacementwith somethinglike Get-
FileTypeInternalByName. Similarly, to achieve concise-
ness,with the fourth identi�er, the �rst would needto be
separatedfrom theconceptof an“imageindex”.

Finally, partof thede�nition of the �fth identi�er is shown
in Figure 5(b). Here the commentproceedingthe de�ni-
tion muddiesthe water as the methodproducesan inter-
nal �le type, but unlike GetFileTypeByName, this one
appearsto be appropriatefor the GUI. This implies that
internal �le type namescan be suitable for the GUI or
not. Somethingthe namesof the two methodsfail to
make clear. For example, the identi�er GetFileTypeBy-
Name shouldbearmorein commonwith GetFileTypeDis-
playStrFromED2KFileType as it too returnsan internal,
typename.As with theothers,this identi�er alsocon�icts
with the �rst. The namefor GetFileType would needto
take all theseconceptsinto account.To theextent that this
exampleseemsconfusing,it is anexcellentindicationof the
value of conciseand consistentidenti�ers, as they would
have hadhelpedmake clearthevariousconceptsrelatedto
typenames.

(7)

ident
IPHeader.ident (a �eld)
m bLogSecureIdent
m htiLogSecureIdent
� � �
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// Return file type as used internally by eMule,
// examining the extension of the given filename
CString GetFileTypeByName(LPCTSTR pszFileName)
{

...
}

(a)

// Returns a file type which is used eMule internally only (GUI)
CString GetFileTypeDisplayStrFromED2KFileType(LPC TSTR pszED2KFileType)
{

...
}

(b)

Figure 5. Code snippets for the conciseness case stud y.

Figure 6. Two example programs from the lon­
gitudinal stud y.

The �nal example,is really a non-example. The identi�er
ident, which is containedin 37 other identi�ers, exists in
two separatecontexts. First, it is a local variable of the
methodCIrcMain::Connect(). As thereis no real con�ict
with the associatedconceptsfor this local variable,it sug-
geststhatscopeinformationmightplaya role in suggesting
to an engineerwhena violation might be a falsepositive.
The seconduseof ident is as a �eld of the structureIP-
Header. Onemight view it' s full nameasIPHeader.ident
which would be a more concisename. Deißenb̈ock and
Pizkado not discussusingcontext provided by a scopeor
a type (classor structure),but it seemsa straightforward
improvement.

4.4 Longitudinal Study

Doesevolution introducesynonyms? In principal, as a pro-
gramages,if it takeson new conceptsthen identi�ers that were
previously consistentand concisemay becomeinconsistentand
“un-concise”. This occurswhen software evolution introduces
new identi�ers (andtheir associatedconcepts).For example,the
programwhich, actually the getopt library, originally only pro-

cessedthe short-formcommandline options. Later, a long form
wasadded.Thecurrentcodeincludesthe identi�ers options and
long options. Knowing thecode's history, options is understood
to beassociatedwith theconceptof shortoptions.While options
wasoriginally a consistentidenti�er, the introductionof thecon-
ceptof long options, meansthat it is no longerconsistent.As as
secondexample,position conciselyrepresentstheconceptabso-
lute position providedthattheprogramdoesnotincludeany other
kind of position(e.g., relative position).

Sevenof theprogramsstudiedincludedfour or moreversions.
Statistically, modelingthepercentageof synonym andconciseness
failuresasa functionof theversionnumber, thereis essentiallyno
evidencethatevolution introducessynonyms. This is visually ap-
parentwith the two examplesshown in Figure6. Leda is typical
of mostof theprogramsshowing someupsanddownsbut no sig-
ni�cant trend.Gnugo showsaslight increaseearly, but thenlevels
outandremaining�at from versions10 through70.

4.5 WordNet

As introducedin Section2, WordNet is a powerful tool for
processingnaturallanguage.Identi�ers areoftencomposedof dic-
tionary words,andthusWordNet canaid in their analysis.Two
applicationsof WordNet areconsideredin the section.The �rst
examinesthebreadthof thevocabulary usedby programmersand
thesecondconsidershow certainfalsepositivescanbe identi�ed
usingpartof speechinformation.

Wheninspectingtheidenti�ers in sourcecodeseveralauthors
(e.g., Antoniol et al. [2] andCaprileandTonella [3]) essentially
observedthatprogrammersusealimited vocabulary. For example,
free canbeanadjective,averb,or adverb,but CaprileandTonella
discoveredthatit wasonly everusedasaverb. Oneimplicationof
this is thatsimilar conceptsaregivensimilar names.To formally
investigatethisobservation,theconsistenciesandconcisenessfail-
uresin all programswererecomputedafterfactoringin naturallan-
guagesynonyms. Doing soallows thetool to correctlydetermine
thattheidenti�ers list head andlist front aresynonymsashead
andfront arenaturallanguagesynonymsin English.Findingvery
few additionalviolations,thisexperimentsupportstheobservation
theprogrammersusea limited vocabulary.
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Figure 7. Incorpr oating natural langua ge
symon yms from WordNet. The x­axis sho ws
each prorgam sor ted seperatel y for syn­
onym and concisness violations without us­
ing WordNet.

Statistically, for synonym violations, incorporatingWordNet
increasesthe numberof violations 2.8% (R2 = 0.998). This is
shown graphicallyby the two black linesof Figure7. The black
jagged(solid) line shows the impactof usingWordNet ascom-
paredto thenon-WordNet datashown by thedashedline. For con-
cisenessviolationstheincreaseis only 2.1%(R2 = 0.996).This is
shown graphicallyby thetwo lowergraylines.Theratherminimal
increasefor bothsynonym andconcisenessviolationssupportsthe
observationthatprogrammersusea limited vocabulary.

The seconduseof WordNet is to categorizeidenti�ers based
on certaingrammaticalpatterns.This is, in essence,the startof
a grammar-basedtechniquesimilar to function-namegrammarof
CaprileandTonella[4]. Two patternswereusedin this prelimi-
nary study. Both arebasedon studiesof the tool's output. They
matchidenti�ers thatincludeanoun-phraseandasingleadditional
soft word that is eithera verbor anadjective. This additionalsoft
word may comebeforeor after the nounphrase.The verb form
comesfrom functionsthatactupondata(thenounphrase).Exam-
ples,foundby thetool, areshown in thetop of Figure8. Herethe
verb typically comesbeforethenounphrase.Theadjective form
comesfrom variablesthat representattributesof othervariables.
Examples,foundby thetool, areshown in thebottomof Figure8.
Again,theadjective typically comesbeforethenounphrase.

The verb-nounphraseanalysis is conservative in that only
wordsthat areexclusively usedasverbsareconsidered.For ex-
ample,considertheidenti�ers edit clip andfree node. Theword
“edit” only appearsas a verb in English, while the word “ free”
canalsobeusedasa noun,adjective, andadverb; thus,edit clip
was counted,but free node was not. Similarly, the adjective-
nounphraseform requiredwordsthatonly occurasadjectives.

Numerically, theverbform accounts4.5%of thesynonym vi-
olations. This is consistentwith the percentageidenti�ed in the
exhaustive casestudyof Section4.2. Theadjective form accounts
for 2.2%, or abouthalf asmany of the violations. Togetherthe
two grammarbasedpatternsidenti�er 6.7%of theviolations.As-
sumingthatthecasestudyfrom Section4.2 is representative, this
representsaboutonequarterof thefalsepositives.

Verb-nounphrase
absolute path get absolute path
birth day get birth day
base name parse base name
user name send user name
arena unlock arena
clip clip edit

Adjective-nounphrase
background color background color selected
bit highest bit
history previous history
token preceding token
tokens saved tokens
child previous child

Figure 8. Grammar examples.

5. RelatedWork

This sectionconsidersfour relatedprojectsthatfocuson iden-
ti�er names.First,AnquetilandLethbridgeconsiderextractingin-
formationfrom typenamesin a largePascalapplication[1]. They
de�ne two recordsto implementthe sameconceptif they have
similar �eld namesandtypes(thoughthey are lax on enforcing
typeequivalence).Thus,thiswork providesa framework in which
to studyaform of conceptidenti�cation (or at leastconceptequiv-
alence)throughtypes.

Takingtypeinformationinto accountis anexampleof thekind
of information that a fact extractor (e.g., Columbus [7]) canex-
tract aboutidenti�ers. For example, tree node is containedin
visit tree node, andposition is containedin absolute position.
Knowing thatvisit tree node is a functionandtree node a for-
malparameterof thefunctionindicatesthatthetwo areassociated
with differentconceptsand thusnot a violation of the synonym
rule in the sameway that two global integer variablesposition
andabsolute position are.

CaprileandTonellaanalyzefunctionidenti�ers by considering
their lexical, syntactical,andsemanticalstructure[3]. They later
presentanapproachfor restructuringfunctionnamesaimedat im-
proving their meaningfulness[4]. Theanalysisinvolvesbreaking
identi�ers into well separatedwords (i.e., hardwords). The re-
structuringinvolvestwo steps.First, a lexicon is standardizedby
usingonly standardtermsascomposingwordswithin identi�ers.
Second,thearrangementof standardtermsinto a sequencehasto
respecta grammarthat conveys additionalinformation. For ex-
ample,thesyntaxof anindirectaction,wheretheverbis implicit,
is differentfrom thesyntaxof a directaction. They wereableto
comeup with an effective grammarfor the restricteddomainof
functionidenti�ers. Extendingthis to all identi�ers is anon-trivial
task, but the resultinggrammarwould be useful in re�ning the
notionof syntacticconsistency andconciseness.

Deißenb̈ock andPizkastressthevalueof identi�ers in source
code[5] as they make up a signi�cant amountof the uniquein-
formationavailablefrom thesource.For example,Eclipse3.0M7
has94,829differentidenti�ers which is aroundthesamenumber
of wordsasin Oxford AdvancedLearner's Dictionary. They also
introducea tool thatenforcestherulesfor consistentandconcise
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identi�ers duringprogramconstruction.This is donewith theaid
of an identi�er dictionary. The tool improvestheproductivity of
programmers.

Finally, Takangetal. notethatthereis somecontroversyonthe
valueof dictionaryword identi�ers [12]. For example,Shneider-
manandMayer report that “variablenameshada statisticalsig-
ni�cance on comprehension.” However, their studyincludedonly
beginning studentsasparticipants.On the �ip side,Sheppardet
al. observe that “variablenamesdid not have a statisticalsigni�-
canceon thesubject's performance.” This wasbasedon anexper-
iment that involved36 professionalprogrammers.In this second
experiment,the programswerequite small (they variedbetween
26 to 57 lines of code),which may have beentoo short to bring
outdifferencesespeciallywith professionalprogrammers.

6. Future Challenges
The current tool does not discover the violation that oc-

curs betweenabsolute path given and abs path becauseabs
is an abbreviation of absolute. De�nition 3 could be broad-
ened to include such cases as follows: for soft word w,
let A(w) denote the set of all dictionary words appearing
in the program that map to the same concept as w. In
De�nition 3 replacew1 w2 � � � sw1 sw2 � � � swn � � � wm with
w1 w2 � � � a1 a2 � � � an � � � wm , whereai 2 A(swi ) andthecor-
respondingreplacementfor id 3 . As absolute is in A(abs) the
above violation would bedetected.

While presentlyunimplemented,theabbreviation relation,A,
could be approximatedby performinga wild-card searchin the
thedocumentation(both internalandexternal). For example,the
searchfor “a.b.s.” where“ .” representsany sequenceof valid
identi�er charactersin the mozilla sourceyields a singledictio-
nary word, absolute. Two otherexamplesoccurringin the case
studywereextractedwith thehelpof theunix utilities grep andis-
pell includehoriz abbreviating horizontalandtriag abbreviating
oneof thewordstriangleor triangulate.

Finally, in generatingthe examplesusedin thecasestudiesit
becameclearthatfollowing therulesproducedimprovedcodethat
waseasierto comprehend.However, this is an ideal thatmay be
dif�cult to reach. For example,considertrying to motivate re-
placingbuf with buf value to avoid a con�ict with the identi�er
buf len. By convention,mostprogrammerswouldunderstandthat
buf referredto thebuffer'svalue.Empiricalevidenceasto theim-
pactof allowing such“violations” onprogrammercomprehension
is anotherareaof futureinvestigation.

7. Summary
Deißenb̈ock andPizka's proposethe enforcementof rulesfor

consistentandconciseidenti�ers usinga tool that incrementally
builds andmaintainsan identi�er dictionaryasa systemis being
developed. The identi�er dictionary“explainsthe languageused
in the softwaresystem,aids in consistentnaming,andimproves
productivity of programmersby proposingsuitablenamesdepend-
ing on thecurrentcontext.” [5]. This paperstudiestherestriction
andextensionof Deißenb̈ock andPizka's rulesthat is computable
withouta mappingfrom namesto concepts.As theempiricalevi-
denceshows,thesesyntacticrulesareusefulin identifyingconsis-
tentandconcisenessidenti�ers.
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