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Abstract

Reades of programshavetwo main sourcesof domaininfor-
mation: identi er namesand commentslt is therefore important
for the identi er names(as well as commentsYo communicate
clearly the conceptghat they are meantto represent.Deil3entihck
and Pizka recentlyintroducedrules for conciseand consistent
variable naming Onerequirementof their appoad is an expert
providedmappingfromidenti ers to concepts.

Anapproad for theconciseandconsistenhamingofvariables
thatdoesnotrequire anyadditionalinformation(e.g., a mapping)
is presentedUsinga pool of 48 million linesof code experiments
with theresultingsyntacticrules for conciseand consistenham-
ing illustrate that violations of the syntacticpattern exist. Two
casestudiesshowthat three quarters of the violationsuncovered
are “r eal”. Thatis they wouldbeidenti ed usinga conceptmap-
ping. Techniquesfor reducingthe numberof false positivesare
also presented.Finally, two related studiesshowthat evolution
doesnot introducerule violations and that programmes tendto
usea ratherlimited vocahulary.
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1. Intr oduction

Concise and consistentvariable naming, as describedby
DeiRenlidick and Pizka, can improve code quality through im-
provedidenti er nameg5]. The motivation for their work is the
obseration that “lousy namingin one place spoils comprehen-
sionin numerousother places, while the basisfor their work is
found in the quote “researchon the cognitive processe®f lan-
guageand text understandinghaws thatit is the semanticsn-
herentto words that determinethe comprehensiomprocess”[5].
Otherstudieshave alsopointedto the importanceof goodidenti-
er names.For example,Rilling andKelmolaobsere “In com-
puterprogramsijdenti ers representle ned concepts’[11], while
CaprileandTonellapointoutthat“ldenti er namesareoneof the
mostimportantsource®f informationaboutprogramentities”[4].

DeiRenlidck and Pizka's technique requiresa mappingfrom
thedomainof identi ers to the domainof concepts.Sucha map-
ping must be constructedby an expert. For new projects, this
mappingcanbe constructedalongsidethe programwith minimal
addition cost. For existing programs,however, the costcan be
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prohibitively expensive. This paperconsiderssyntacticconcise
and consisteninaming. In otherwords, by only consideringthe
syntacticmaleupof identi ers, cana usefulapproximatiorto the
technique®f DeiRenlidck andPizkabe achieved?

In moredetail, DeiRenlibick and Pizka de ne threerules, one
for conciseandtwo for consistentdenti er namesAn identi er is
concisef its semanticexactly matchthe semantic®f theconcept
it is usedto representFor example,output_le _name concisely
representshe conceptof the nameof an output le. (A related
notion, correctnessallows anidenti er to represent more gen-
eralconcept.For example, le _name correctly but not concisely
representtheconcepof thenameof anoutput le, while theiden-
ti er foo neithercorrectlynor conciselyrepresentthe concept.)

There are two rules relatedto consistentidenti ers. They
identify inconsistenciesausedy identi er homoryms andsyn-
onyms. In naturallanguage a homorym is one of two or more
wordsspelledandpronouncedlike but differentin meaninge.g.,
‘waste' and “waist') [14]. A synorym is one of two or more
wordsor expressionof the samelanguagethat have the sameor
nearlythe samemeaningin someor all sensege.g., "baby' and
“infant') [14].

In aprogram.anidenti er is ahomonynif it is associatedvith
morethanoneconceptirom the program.For example,in a pro-
gramdealingwith both absoluteandrelative directorypaths(two
differentconcepts)theidenti er path is a homorym asit is as-
sociatedwith morethanone concept. As DeiRenldck and Pizka
emphasizeaccuratelyknowing the setof all conceptsusedin a
programis important. Theidenti er path is notahomorym in a
programwith only onepathconcept.Thus,it isimportanthatonly
conceptdrom the programbe consideredOtherwise the concept
spacebecomesgoo largeandunwantedinconsistenciesccur

The secondinconsisteng involves synonyms two identi ers
thatcanbe associatedvith a commonconcept.For example,the
identi ers hash andhash_value aresynorymsaseachcanrepre-
sentthe conceptof an objects hashvalue As asecondexample,
the identi ers list_head andlist_front are also synoryms (head
andfront aresynorymsin English).

Identi ers thatfail to beconciseor consistenincreasehecom-
prehensiorcompleity andits associateaosts[5]. Suchfailures
canbe identi ed using DeiRenliick and Pizka's techniquespro-



vided a mappingfrom identi ers to conceptss available. In the
absencef suchamappingit is still possibletoidentify asubsebdf
thesenamingfailures.Techniquegor doingsoareintroducedand
empiricallyinvestigatedn this paper In moredetail, the primary
contributionsof this paperarethefollowing:

1. Thede nition of syntax-baseaoncisenessand consisteng
that doesnot require an expert-constructeanappingfrom
identi ers to concepts.

2. Anempiricalinvestigatiorof atool basednthesyntacticdef-
inition. The experiments,which study almost50 million
lines of code, considerthe prevalenceof concisenessnd
consisteng failures. Statisticalmodelsare usedto better
understandhe collecteddata.

3. Two casestudies. The rst exhaustvely considersall con-
cisenesandconsisteng failuresfrom two smallprograms.
This study compareshe tool's outputto that producedby
a human‘“oracle”. The secondcasestudy considersa sam-
pling of the concisenessand consisteng failuresfrom the
largerprogrameMule, a170KLoC C++ program.

4. An empiricalinvestigationof an obsenation by Antoniol et
al., thatprogrammersisearatherlimited vocahulary [3, 2].
In particular incorporatinghaturallanguagesynorymsdoes
not dramaticallyincreaseconcisenesandconsisteng fail-
ures.

5. Finally, alongitudinalstudyaddressethequestiorfdoesevo-
lution introduceconcisenesandconsisteny failures?”

Therestof thispaperrst presentsomenecessarpackground
materialin Section2. De nitions of syntacticconcisenessnd
consisteng aregivenin Section3, followed by empiricalstudies
in Sectiord. Relatedwvork is thenconsideredn Sections. Finally,
the paperconcludeswith a discussionof sometopics for future
investigationranda summaryin Sections and?.

2. Background

This sectionprovides context for the techniquedescribedin
Section3 andthe empirical evidencepresentedn Section4. |t
rst, describeshe WordNet tool usedto obtainnaturallanguage
synoryms and part of speechinformationandthenthe identi er
splitting tool usedto breakidenti ers up into their constituent
parts. Information on the subjectprogramsstudiedis then pre-
sentedollowedby informationon the statisticaltestsused.

2.1 WordNet

WordNetis a lexical databasef the Englishlanguagedevel-
opedby the Cognitive ScienceL_aboratoryat PrincetonUniversity
[6]. WordNetcontainsl55,327differentwordsclassi edasnouns,
verbs,adjectves,andadwerbs.Thepower of WordNetcomedrom
therelationshipghat have beenidenti ed, which includestopical
relationshipssynorym relationshipsandhomorym relationships
to namea few. For example,WordNetidenti es headand mind
assynoryms. This ontology hasbeenusedby mary researchers
including thosein the eld of informationretrieval [9] and data
mining [8]. Thereis now aninternationalconferencedevotedto
WordNetwhich hasreportedon the creationof WordNetfor other
languages- Russian Arabic, PersianKorean,etc.,and applica-
tionsof thetool.

2.2 Identier Splitting

Following otherswho studyidenti ers, identi ers aredivided
into their constituenipartsfor analysig[5, 4, 11, 2]. Herein,these
partsare called “words’ — sequence®f characterswith which
somemeaningmaybeassociatedTwo kindsof wordsareconsid-
ered:hard wordsandsoftwords Hardwordsaredemarledby the
useof word markers(e.g., theuseof CamelCaser underscores).
For example, the identi ers sponge_bob and spongeBob both
containthewell separatethardwordssponge andbob.

For mary identi ers, thedivision into hardwordsis sufcient.
Thisoccurswhenall thehardwordsaredictionarywordsor knovn
abbreiations. Whenthe hardword is neither theidenti er con-
tainsnon-well-separatedords. The identi cation of these"soft
words’ isthegoalof identi er splitting. For example theidenti er
zeroindeg includesa singlehardword because¢hereareno word
marlers;thus,division into hardwordsis insufcient. Thesplitter
dividesthis hardword into the threesoft wordszero-in-deg (i.e.,
zero, in, anddeg, aknown abbreiation). Thealgorithmdoesthis
by usinga greedyapproachhatrecursvely compareghe longest
pre x andsufx thatarein thedictionaryor aknown abbreviation
list.

2.3 SubjectPrograms

The analysisincludesempirical datacollectedfrom 186 pro-
grams.Up to 70 versionsof aprogramwereconsideredo support
the longitudinal studies. Ignoring multiple versions,78 unique
programswvereconsideredAll but 12wereopensourceprograms.
Programgangedn sizefrom 1,423to 3,087,543 oC andcovered
arangeof applicationdomains(e.g., aerospacegccountingpper
ating systemsprogramervironmentsmaovie editing,gamesetc.)
andstyles(commentines, GUI, real-time,embeddedetc.). Most
of the codewaswrittenin C. Signi cant C++ andJava codewere
alsostudiedalongwith asmallamountof 30yearold Fortrancode.
Several of the programswerewritten by programmersvhosena-
tive languagewas not English. For theseprogramsthe analysis
wasperformedusingadictionaryfor theprogrammes native lan-
guageor, if multiple languagesvereevidentin thecode theunion
of therespectie dictionaries.(The publicly availabledictionaries
thataccompan the Linux spellcheclerispell version3.1.20were
used.)

Figurel shavs 10representatie C, C++,andJava subjectpro-
grams. The two Fortran programsare not shavn in the gure.
They arePLM compilersfrom 1975and1981andinclude 9,704
and11,478LoC, respectiely.

The gure reportscodesizesfor C, C++, and Java (andtheir
sum)as countedby the Unix utility wc (excluding headerles).
In addition, the total numberof non-commenton-blanklines of
code,asreportedby sloc [15], is shavn. The averagepercentage
of non-commenhon-blanklines variesby languagewith 66% of
theC code,72% of the C++ code,and58% of the Java codebeing
non-commennon-blanklines. Thelasttwo columnspresenthe
startyear of the projectandits releaseyear Thesedateswere
extractedfrom programdocumentatiorfinternalandexternal). In
general,the releaseyearis more accurateasin can be dif cult
to determinethe startyearfor a programthatincludesthird party
librarieswritten beforethe program“started”.



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
cpm68kl-vl.2a 132,171 0 0 132,171 102,252| 1978 | 1984
empiresener 85,548 0 0 85,548 62,793 | 1985| 1998
eMule0.46¢c 1,759 172,164 0 173,923 135,567| 1999 | 2005
14.2 2,109,050 398,463| 502,965| 3,010,478 1,704,823| 1993| 2004
jakarta-tomcat-5.9 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
quale3-1.32b 353,806 57,431 0 411,237 281,432| 1999 | 2005
Totalsfor all codenotjustthatshavn 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

Figure 2 summarizesstatisticsregardingthe identi ers along
with somedemographiinformation(e.g., dominanfprogramming
language,and the start and releaseyearsof the program). The
top 14 rows of the table presenta representate sampleof the
programs. The bottom seven rows summarizethe dataover all
programs(not just that of the representate programsin the top
of thetable). Summariesncludetwo orthogonalgroupings(open
sourceversusproprietary andby programmindanguagegndall
thedatatakencollectively.

2.4 Statistical Tests

Several statisticaltechniquesare usedin the interpretationof
the datagatheredduring the study This sectionintroducesthese
techniguesndcanbe skippedby thosefamiliar with statistics.

Whena simplelinear associatioris of interest,Pearsors lin-
earregressiormodel,which measure$inear correlationdbetween
variables,is built. For the effect of explanatoryvariablesX, Y,
andZ on responsevariable A, the resultingmodel coefcients,
m;i, belongto thelinearequationA = m:X + myY + msZ + b:
Eachcoefcient hasan associateg-value. A p-valuelessthan
0.05represents signi cant explanatoryvariable.

For more complex models, linear mixed-efects regression
models[13] areusedto analyzethe data. Suchmodelsallow the
examinationof importanteffectsthat are associatedvith the re-
sponsevariables.Theinitial modelincludesexplanatoryvariables
and a numberof interactionterms. The interactiontermsallow
the effectsof onevariableon the responsevariableto changede-
pendinguponthevalueof anothewariable.Backwardelimination
of statisticallynon-signi cantterms(p > 0:05) yields the nal
model. Note that somenon-signi cantvariablesandinteractions
areretainedo presere ahierarchicalvell-formulatedmodel[10].

In thesemodels, Tukey's highly signi cant differencemethod
for multiple comparisonss used.However, computinga standard
t-value for eachcomparisonand then usingthe standardcritical
valueincreasesheoverallprobabilityof aTypel error. Thus,Bon-
ferroni's correctionis madeto thep-valuesto accountfor multiple
comparisonsln essenceachp-valueis multiplied by the number

are named 1#).

of comparison@ndthe adjustedp-valueis comparedo the stan-
dardsigni cancelevel (0.05)to determinesigni cance. Tukey's
methodandBonferroni's correctionwerechoserbecausehey are
bothratherconserative tests.

With bothPearsorstestandthelinearmixed-efectsregression
modelsthe coefcient of determinationR?, is reported.This co-
ef cient is interpretedasthe proportionof thevariability of there-
sponsevariablethatis explainedby the selectedexplanatoryvari-
ables.Thiscoefcient rangedfrom 0to 1; thecloserto 1, thebetter
themodel.

3. Technique

Deif3enlidck and Pizka describea formal modelfor adequate
identi er namingthatincludesrulesfor the correct and concise
namingof identi ers [5]. Their rulesmakesuseof the setof all
conceptselevantto aprogramandprovide “a formalmodelbased
on bi-jective mappingshetweerconceptandnames.

The rules include three requirementsinvolving homoryms,
synoryms, andconcisenesslhesethreecanbeformalizedasfol-
lows: anidenti er i is ahomorym if it representsnorethanone
conceptfrom the program(e.g., the identi er le in Figure 3a).
Two identi ers i1 andi 2 aresynorymsif the conceptsassociated
with i1 have a non-emptyoverlap with the conceptsassociated
with i2 (e.g., theidenti ers le and le _.name sharethe concept
le namein Figure 3b). Finally, anidenti er i for conceptc is
conciseprovided no conceptiessgeneralthanc is representethy
anotheridenti er (anexampleis givenin thenext paragraph).

DeiRenlidck and Pizkapresenta casestudyin which mainte-
nancedntroduceghesevenidenti ers pos, apos, abspos, relpos,
absolute_position, relative_position, and position representing
two conceptsc; = “absolutepositiorf and ¢, = “relative posi-
tion”. Theidenti er position fails the homorym consisteng re-
quirementasit is associatedvith morethanoneconceptfrom the
program(in this caseconceptsc; andc;). In addition,the study
determinedhatrelpos andrelative_position wereboth usedfor
concepfc,, which violatesthe synorym consisteng requirement.
Finally, theidenti er position would conciselyrepresentshecon-
ceptabsolute_position providedthatthe programdid notinclude



dominant| start | release LoC unique id hard soft percent
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-vl.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%
gcec-2.95 C 1987 | 1999 841,633 44,941 897,728| 110,060| 146,474| 33.1%
11 C 1987 | 1997 454,609 30,092 482,228 48,125 82,307 71.0%
14.2 C 1993 | 2004 3,010,478 113,662 2,694,901| 328,079 422,364 28.7%
16.6 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%
quale3-1.32b 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
(overall codenot instances| words | words LoC unique id hard soft percent
justthatshavn) 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 8,536,800 385,792| 7,543,663| 1,055,329 1,331,327 26.2%
C 18.6 25 31 26,338,235| 1,566,289 2,9074,119| 3,956,372] 4,821,045] 21.9%
C++ 19.3 2.9 35 15,375,576| 965,402| 18,836,801| 2,835,896| 3,341,987 17.8%
Java 22.1 3.0 34 6,909,487 356,225 7,885,428| 1,076,709| 1,203,537 11.8%
Fortran 18.0 14 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 diversity in the presented data. *?Percent increase
is the percent increase from hard words to soft words.

ary otherpositionconceptge.g., relative positior). As the pro-
gramincludedmultiple speci c kinds of positions,the identi er
position fails the conciseneseequirement.

In mostinstancesywhenthe homorym requirements violated
thesynorym requirements alsoviolated. Figure3 illustratesthis.
Theidenti er le is a homorym associatedin differentpartsof
the program,with the conceptof a le nameandelsavherea le
pointer. If thetwo conceptsreto bereferredto in thesamescope
(atleastin a stronglytypedlanguage}henat leastoneadditional
identi er would be requiredasshavn in Figure3h However, the
inclusionof this seconddenti er introducesa synorym violation
astheidenti ers le and le _-name bothreferto thesameconcept.

In this exampleary functionthatopensa le would needto re-
fer to boththe le nameand le pointerconceptsAs anexample
in whichit is plausiblethatahomorym would exist in theabsence
of asynorym, considethesituationshawvn in Figure3cin thecon-
text of aprogramthatreadsa directorypathinto thevariablepath
andthenpassed to eitherfunctionfl or f2 dependingnthepath
beingrelative or absolutelf f1 andf2 usethe namepath for their
formal parameterthenthe programincludestwo conceptselative
pathandabsolutepathandonly usesoneidenti er, path, to refer
to them. This violatesthe homorym rule, but not the synorym
rule.

The absencef a conceptmappingprecludeshe discorery of
identi ers thatviolate the homorym restrictiononly. Testingthat
identi ers satisfy a restrictedform of synorym consisteng and
conciseness;anbe achieved syntactically(i.e., without theiden-
ti er to conceptmapping). It turnsout that a similar patternin-
dicatesa violation of the syntactic-synoym consisteng require-
mentandthe syntacticconcisenessequirement.Both involve an
identi er being containedin another Here containmentresults

whenoneidenti er includes,in the sameorder all the soft words
from another For example,the identi er relative_position in-
cludestwo hardwordseachcomposef a singlesoftword. Thus
thisidenti ers includes,in order all the soft wordsfrom theiden-
ti er position.

An importantimplication of this containmenis that the con-
ceptsassociatedvith the two identi ers have a non-emptyin-
tersection;thus, violating Deil3enliick and Pizka conceptspace
by de nition. The presenceof a secondcontainingidenti er
(e.g., absolute_position), which also containsposition, implies
DeiRRenliick andPizkarule for conciseneshasalsobeenviolated.
It doesso becausehe two containingidenti ers imply the pro-
gramincludestwo separateonceptsput the containeddenti er
doesnot preciselyrepreseneither of them. More formally, the
two violationsarede ned asfollows.

De nition 3 Syntactic Synonym Consistencyand Conciseness.
Let identier id; be the sequence of soft words
SW1 SW2 swn1. ldentiers id; andid, fail the syntactic
synonym consistencerequirement if id, includes the se-
quence of soft words wi w» SW1 SW2 SWh1 Wh2

(ie, id2 = wiwsy idy Wh2). Furthermore, id;

fails the syntactic concisenessrequirement if there exists a
third identi er ids that includes the sequenceof soft words
Ui U2 SW71 SW»2 SWh1 Uns.

Section4 empirically investigateswo importantquestionse-
latedto thisde nition. First,dosynorym consisteng andconcise-
nessfailuresexist in realcode?Obviously, thetechniquds of lit-
tle interestif violationsareinfrequentor non-«istent. Secondare
syntacticviolationsindicative of violationsusingthe DeiRenlick
and Pizka concept-mapbasedde nitions? If the syntacticap-
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Figure 3. lllustration of the two types of syntactic violation.

Figure (a) shows a homon ym violation.

Figure (b) shows how a synon ym violation is also intr oduced by the function that opens a le . Finally,
Figure (c) shows a plausib le homon ym only example .

proachcanidentify a usefulsubsetof the violations, without the
needfor aconcepmappingthenit formsthe coreof ausefultool.

Section4 alsoinvestigatesa relatedhypothesissuggestedy
the following obsenation of Antoniol et al., “Programmergend
to processapplication-domainknowledge in a consistentway
when writing code: programitem namesof different codere-
gions relatedto a given text documentare likely to be, if not
the same, at leastvery similar” [3, 2]. This obsenration sug-
gestsprogrammersuse a limited vocalulary and can be tested
using WordNet to identify all possiblesynoryms for eachsoft
word in anidenti er. More formally, assumethat for soft word
w, S(w) denotesthe natural languagesynoryms of w. In
De nition 3 replacew; w» SW1 SW3 SWhp Wm  with
W1 W2 S1S2 Sn Wm , Wheres; 2 S(sw;) andthecor
respondingeeplacemenfor ids;. For example,using WordNet,
theidenti ers list_head andlist_front violatethe synorym rule as
headandfrontarenatural(English)languagesynoryms.

This sectionconcludesby consideringone of several re ne-
mentsto syntacticconcisenesandconsisteng. Section6 (future
work) describe®thers.De nition 3is astraightforvardrestriction
of DeiRenldck andPizka's work in theabsencef anidenti er to
concepmapping.lt is possibleto improve uponthis by exploiting
certaingrammaticapatternghatindicatedifferentconcepts.

For example,onecommonpatternseenin the empiricalstud-
iesis to have two identi ers whereoneis a nounphraseandan-
otherthat includesa verb with this noun phrase. For example,
tree_node andvisit_tree_node. Syntacticallytree_node is con-
tainedin visit_tree_node andthusa (syntactic)violation. How-
ever, thesetwo identi ers are associatedvith different (related)
conceptsandthusno violation existsin the Deil3enkiick andPizka
sense.Using WordNet to identify partsof speechthis patternis
easyto detect.Section4 empiricallyinvestigateshefrequeny of
this pattern.

4. The Study

Dataregardingsyntacticconsisteng and concisenessailures
found in the 186 programsis presentedhrough ve empirical
studies. The rst summarizestatisticsover all programs. Next,
two casestudiesareconsideredoneexhaustve andonesampling.
Finally, a longitudinalstudyandan investigationof theimpactof
incorporatingnaturallanguagesynorymsinto identi ers arecon-
sidered.

4.1 Statisticsover all Programs

The ability to identify syntacticconcisenessnd consisteng
failuresis of little valueif the patterndoesnot occurin practice.
Figure4 shaws the percentfailure for 42 representate programs
alongwith the numberof uniqueidenti ers in eachprogramand
the percentagef severe failuresin which the containeddenti er
includesatleastthreesoftwords. Thechartbelow thetable,shavs
thefailure percentdor all 186 programs.Synorym and concise-
nessfailuresaresortedindependentlythus,vertical comparisons
do notre ect a particularprogram. The shapeof the curvespro-
videsa generalfeel for the distribution of the data. Basedon the
lastrow in the table,an averageprogramincludesjust over 2900
identi ers that fail the synorym requirementand just over 1300
thatfail theconcisenessequirementThis indicatesthatsufcient
violationsexist in practiceto warrantfurtherstudy

Fromthetablein Figure4, it appearshatthepercentagef syn-
onym failuresis not strongly correlatedto the numberof unique
identi ers. This s statisticallytrue (R? = 0.12). To bettermodel
the percentagef synorym failures, backward elimination start-
ing with the explanatoryvariablesprogramsize, startyear re-
leaseyear programminglanguage,and open sourcewas used.
Theresultingmodelincludesonly releaseyearand programming
language. Notably absentis ary measureof programsize. The
models R? valueof 0.48meanshatit explainsjust underhalf of
thevariationin the percentageThis modelindicatesanincreases
of 0.42%synorym failuresfor eachyearlateraprojectis released
anda4.3%increaseor Java programgno otherlanguagenadea
signi cant difference).

Themodelfor thepercentagef conciseneskailuresis lessin-
formative and more complicated. Its R? value of 0.22 indicates
thatlessthana quarterof the variationin the percentagef con-
cisenesdailuresis explainedby the model. The nal modelin-
cludesthefollowing explanatoryvariables:startandreleaseyears,
programlanguage.and open-source.The main complicationin
this modelis aninteractionbetweeropensourceandreleaseyear
Thusreleaseyear hasa different effect on openand proprietary
sourcecode.n this case anincreasen releaseyearbringsanin-
creaseof 0.14%to the percentag®f concisenesfiluresin open
sourcecodewhile it brings a reductionof 0.28%in the percent-
ageof concisenessailuresin proprietarycode. Neitherof these
percentagearelarge. In addition, every yearlater a projectwas
startedit has0.12%fewer failuresand,aswith the synorym fail-
ures, Java brings a greaterpercentage.In this casel.9% more
conciseneshailures.



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%
az2ps-4.12 3593 | 22% 10% 3% 2%
apachel.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%
cpm68kl-v1.3 2417 | 12% 6% 0% 0%
cvs-1.11.1p1 5552 | 20% 9% 3% 2%
eMule0.46¢ 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%
11 29619 | 17% 12% 5% 4%
*14.1 92547 | 21% 11% | 10% 7%
14.2 110727 | 21% 11% | 10% 7%
16.1 9869 | 16% 8% 5% 4%
16.6 10583 | 16% 8% 5% 4%
19 41189 | 20% 9% 7% 5%
112 1098 | 19% 11% 4% 3%
jakarta-tomcat-3.0 3920 | 24% 9% 5% 3%
jakarta-tomcat-5.518416 | 25% 10% 7% 4%
javabh 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%
*pIm80s 539 8% 4% 0% 0%
quale3-1.32b 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%
35% -
i~ —— percent synonym failures f
; — percent conciseness failures Jl
25 0 1"’.*"”'
20% AT

M

15%
10% {“’f
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Figure 4. Percent synon ym-consistenc y and
conciseness failures. (A “*" marks programs
with a minim um or a maximum value. Propri-
etary programs are named [#.)

4.2 Exhaustive CaseStudies

Giventhatasigni cant numberof syntacticsynorym andcon-
cisenesyiolationsoccur thenext questiorto addresss “arethese
violationsreal?” Therearetwo possibledifferencesbetweerthe
violationsthat the syntacticapproachreportsandthoseobtained
usingaconcepimapping.Clearlythe syntacticapproactwill miss
violationswhentheidenti ers donotsharecommonsourcewords.
Forexample theidenti ers le , fp, and n mightbesynoryms(all
representinghe le pointerconcept)but syntacticapproactcan-
notdeterminethis.

Theotherdifferencenvolvesidenti ers for whichthesyntactic
approachdenti es aviolation, but no violation existswhenusing
the associate@oncepts.To determinehow mary suchfalseposi-
tivesthesyntacticapproactproduceshandinspectionof all viola-
tionsfrom two of the smallerprogramsvasperformed.As shavn
in the following table, this inspectionproduced ve cateyories.
Theencouragingews is that 72% of the synorym violationsand
76% of the concisenesgiolationsweretrueviolations. For exam-
ple,theidenti ers status and le _status violatethesynorym con-
sistencaequirementvhile theidenti ers home_dir andin_home
indicatetwo re nementsof the concepthome which meansthe
identi er home failsthe syntacticconciseneseequirement.

Description Synorym | Conciseness
(1) violation 49 T72% | 22 76%
(2) nonviolations 6 9% | 3 10%
(3) attribute 9 13%| 1 3%
(4) verb-nounphrase| 3 1% | 3 10%
(5) struct eld 1 1% | 0 0%
All 68 100% | 29 100%

Marny of the remainingidenti ers werenon-violations(9% of
thesynorym violationsand10%of theconcisenessiolation). For
example,pre x is containedn 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
whoseassociate@¢onceptdoesnot overlapwith thatof pre x . A
concisenessxamplefrom uucp is theidenti ers FILE, copy_le,

le _-mode, andlog-le . As FILE is atype,it's conceptis sepa-
rate from the others,althoughthe syntacticalgorithm cannot,at
presentmale this determination.

The remainingthree categyoriesall suggeste nementsto the
technique. The third cateyory includeswhat Ada refersto asat-
tributesand C# as properties. For example, the two identi ers
cwd andcwd_len (asynorym failure),andthethreeidenti ers re-
sult, result_index, andresult_size (a concisenesfilure)include
variable properties Here,by corvention,programmersecognize
identi ers suchascwd andresult astheunderlyingvalueof which
theotheridenti ers areproperties.

The fourth catgyory was mentionedat the end of Section3.
An exampleincludestheidenti ers home_dir andget_home_dir,
which violate the syntacticsynorym rule, but areassociateavith
differentconceptsUsingpart-of-speecinformation,thiscasecan
beidenti ed whentwo identi ers differ by averh This patternis
exploredfurtherin Section4.5.



The nal cateyory includesa structure eld adr andthe local
identi er next_adr. Dei3enldck andPizkado not explicitly dis-
cussstructure elds, but including the structurename(letter in
the case),seemsa straightforward extensionof their work that
removesthe synorym failurein this example.

4.3 eMule CaseStudy

The casestudyfrom the previous sectionconsidersall the vi-
olationsin two small programs.This sectionpresents “selective
casestudy” of eMule a170KLoC C++programchoseratrandom
fromthelargerprogramsExaminingeMule's3725synorym fail-
uresand1762concisenesfiluresis prohibitively expensve. In-
steadserenrepresentatie exampleswereselected Eachincludes
threeparts:the base(containedjdenti er, theidenti ers thatcon-
tainit, andadiscussion.

(1) m_strHost (the containeddenti er)
m_strHostName

The rst caseis the classicsynorym violation in which
a concept that already has a name receves another
In this case, the identi er m_strHost and the identi er
m_strHostName both denoteto the same concept(the
stringrepresentationf the hostcomputerto connecto).

(2) CheckDiskspace
CheckDiskspaceTimed

As a secondclassicexample,eMule includestwo methods
for checkingif sufcient disk spaceexists to write a le.
Their names, CheckDiskspace and CheckDiskspace-
Timed, clearly fail to satisfy DeiRenldck and Pizka's def-
inition of consisteng asthey both refer to the conceptof
atimeddisk ched. In this instancepneobvious x would
betorenamehe rst methodCheckDiskspaceUntimed or
somethingsimilar. This would disambiguatehe namesfor
thetwo conceptof timedandun-timeddisk spacechecks.

(3) IcmpCloseHandle
IpfnicmpCloseHandle

The third exampleillustratesa casein which synorym re-
strictionis formally violated,but knowing a little aboutthe
identi ers removesary realissue.EMule includestheclass
type IcmpCloseHandle andthe variablelpfnicmpClose-
Handle of thattype. Both identi ers representhe same
conceptput knowing thatoneis atype namedisambiguates
thetwo.

(4)m.n_le
m_n_le _size

The identiers m_n_le and m_n_le _size form a less
egregious synorym violation. The method “int CZIP-
File::GetCount() f return m_nFile; g" suggeststhat
consisteng 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 sener 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. (Notethatthisidenti er is notwell sepa-
ratedandthusidenti er splitting into soft wordsis required
to uncover this concisenessailure.) It is hardto know if

the programs evolution beganwith a single splitter (in the
sener class)andthe otherswere subsequentlyntroduced
or not, but in orderto have concisenamesm_wndSplitter

shouldberenamedn_wndSplitterServer.

(6) GetFileType

@)

GetFileTypeDisplayStr
GetFileTypeByName
GetFileTypeSystemIimageldx
GetFileTypeDisplayStrFromED2KFileType

The penultimateexampleinvolves ve identi ers. Theex-
istenceof the second,indicatesa synorym violation and
meanghatthe rst needdo bereplacedo separatéts con-
ceptfrom thatof gettinga displayablestring representation
for a le type. One nave way of doing so is to replace
the rst identi er with GetFileTypeNonDisplayStror Get-
FileTypelnternalStr. Note thatthe latter of thesecon icts
with thethird identi er.

A snippetshaving the de nition of the third identi er ap-
pearsin Figure5(a). As is clearfrom the commentspro-
ceedingthe de nition, to achieze concisenessthe third
identi er shouldbe replacementvith somethinglike Get-
FileTypelnternalByName. Similarly, to achieze concise-
ness,with the fourth identi er, the rst would needto be
separatedrom the concepibf an“imageindex”.

Finally, partof thede nition of the fth identi er is shavn
in Figure 5(b). Herethe 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
male clear For example, the identi er GetFileTypeBy-
Name shouldbearmorein commonwith GetFileTypeDis-
playStrFromED2KFileType asit too returnsan internal,
type name. As with the others this identi er alsocon icts
with the rst. The namefor GetFileType would needto
take all theseconceptsnto account.To the extentthatthis
exampleseemgonfusingjt is anexcellentindicationof the
value of conciseand consistentidenti ers, asthey would
have hadhelpedmale clearthe variousconceptgelatedto
typenames.

ident

IPHeader.ident (a eld)
m_bLogSecureldent
m_htiLogSecureldent



/' Return file type as used internally
/I examining the extension of the given
CString  GetFileTypeByName(LPCTSTR

{
}

/I Returns a file
CString

{
}

type which

is used eMule
GetFileTypeDisplayStrFromED2KFileType(LPC

by eMule,
filename
pszFileName)

internally only (GUI)
TSTR pszED2KFileType)

Figure 5. Code snippets for the conciseness case study.

Figure 6. Two example programs from the lon-
gitudinal study.

The nal example,is really a non-example. The identi er
ident, which is containedin 37 otheridenti ers, exists in
two separatecontets. First, it is a local variable of the
methodClrcMain::Connect(). As thereis norealcon ict
with the associateaonceptdor this local variable,it sug-
geststhatscopeinformationmight play arole in suggesting
to an engineerwhen a violation might be a falsepositive.
The seconduseof ident is asa eld of the structurelP-
Header. Onemightview it's full nameasIPHeader.ident
which would be a more concisename. Deil3enlick and
Pizkado not discussusing context provided by a scopeor
a type (classor structure),but it seemsa straightforward
improvement.

4.4 Longitudinal Study

Doesevolution introducesynoryms? In principal, asa pro-
gramages,if it takeson newv conceptghenidenti ers thatwere
previously consistentand concisemay becomeinconsistentand
“un-concise”. This occurswhen software evolution introduces
new identi ers (andtheir associate@oncepts).For example,the
programwhich, actuallythe getopt library, originally only pro-

cessedhe short-formcommandine options. Later, along form
wasadded.The currentcodeincludesthe identi ers options and
long_options. Knowing the codes history, options is understood
to beassociateavith the conceptof shortoptions.While options
wasoriginally a consistentdenti er, the introductionof the con-
ceptof long options meangthatit is no longerconsistent.As as
second=xample,position conciselyrepresentshe conceptabso-
lute_position providedthattheprogramdoesnotincludeary other
kind of position(e.g., relative_position).

Sevenof the programsstudiedincludedfour or moreversions.
Statistically modelingthe percentagef synotym andconciseness
failuresasafunctionof theversionnumberthereis essentiallyno
evidencethatevolution introducessynoryms. This is visually ap-
parentwith the two examplesshowvn in Figure6. Leda is typical
of mostof the programsshaving someupsanddowns but no sig-
ni cant trend.Gnugo shavs aslightincreasesarly, but thenlevels
outandremaining at from versionsl0through70.

4.5 WordNet

As introducedin Section2, WordNet is a powerful tool for
processingnaturallanguageldenti ers areoftencomposeaf dic-
tionary words, andthusWordNet canaid in their analysis. Two
applicationsof WordNet are consideredn the section. The rst
examinesthe breadthof the vocatulary usedby programmersind
the secondconsidershow certainfalsepositvescanbeidenti ed
usingpartof speechinformation.

Wheninspectingtheidenti ers in sourcecodeseveralauthors
(e.g., Antoniol et al. [2] and Caprileand Tonella[3]) essentially
obseredthatprogrammersisealimited vocalulary. For example,
free canbeanadjectve, averb,or adwerb,but CaprileandTonella
discoveredthatit wasonly ever usedasaverh Oneimplicationof
thisis that similar conceptsaregiven similar names.To formally
investigatehisobsenation,theconsistencieandconciseneskail-
uresin all programsvererecomputea@fterfactoringin naturalan-
guagesynoryms. Doing soallows thetool to correctlydetermine
thattheidenti ers list_head andlist_front aresynoryms ashead
andfront arenaturallanguagesynorymsin English.Findingvery
few additionalviolations,this experimentsupporttheobseration
theprogrammersisea limited vocalulary.



Figure 7. Incorpr oating natural language
symon yms from WordNet. The x-axis shows
each prorgam sorted seperately for syn-
onym and concisness Vviolations without us-
ing WordNet.

Statistically for synorym violations, incorporatingWordNet
increaseghe numberof violations 2.8% (R? = 0.998). This is
shavn graphicallyby the two black lines of Figure7. The black
jagged(solid) line shawvs the impactof usingWordNet ascom-
paredo thenonWordNet datashavn by thedashedine. For con-
cisenessiolationstheincreaseds only 2.1%(R? = 0.996).Thisis
shawvn graphicallyby thetwo lower graylines. Theratherminimal
increasdor bothsynorym andconcisenesgiolationssupportghe
obserationthatprogrammersisea limited vocalulary.

The seconduseof WordNet is to cateyorizeidenti ers based
on certaingrammaticalpatterns. This is, in essencethe startof
a grammasbasedechniquesimilar to function-namegrammarof
CaprileandTonella[4]. Two patternswere usedin this prelimi-
nary study Both arebasedon studiesof the tool's output. They
matchidenti ers thatincludeanoun-phrasandasingleadditional
softword thatis eithera verbor anadjectve. This additionalsoft
word may comebeforeor afterthe nounphrase. The verb form
comedrom functionsthatactupondata(the nounphrase) Exam-
ples,foundby thetool, areshawvn in thetop of Figure8. Herethe
verbtypically comesbeforethe nounphrase.The adjective form
comesfrom variablesthat representttributesof othervariables.
Examplesfoundby thetool, areshavn in the bottomof Figure8.
Again, the adjective typically comesbeforethe nounphrase.

The verb-nounphraseanalysisis conserative in that only
wordsthat are exclusively usedasverbsare considered.For ex-
ample,considertheidenti ers edit_clip andfree_node. Theword
“edit’ only appearsasa verbin English, while the word “fre€’
canalsobe usedasa noun,adjectve, andadwerb; thus, edit_clip
was counted,but free_node was not. Similarly, the adjectve-
nounphrasegorm requiredwordsthatonly occurasadjecties.

Numerically the verbform accountt.5% of the synorym vi-
olations. This is consistentwith the percentagedenti ed in the
exhaustve casestudyof Section4.2. The adjectize form accounts
for 2.2%, or abouthalf as mary of the violations. Togetherthe
two grammarbasedpatternsdenti er 6.7%of theviolations. As-
sumingthatthe casestudyfrom Section4.2 is representate, this
representaboutonequarterof 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 sectionconsiderdour relatedprojectsthatfocuson iden-
ti er namesFirst, AnquetilandLethbridgeconsiderextractingin-
formationfrom typenamesdn alarge Pascalapplication[1]. They
de ne two recordsto implementthe sameconceptif they have
similar eld namesandtypes(thoughthey arelax on enforcing
typeequialence).Thus,thiswork providesa framewvork in which
to studyaform of concepidenti cation (or atleastconcepequi-
alenceXhroughtypes.

Takingtypeinformationinto accounis anexampleof thekind
of informationthat a fact extractor (e.g., Columhus [7]) canex-
tract aboutidenti ers. For example, tree_node is containedin
visit_tree_node, andposition is containedn absolute_position.
Knowing thatvisit_tree_node is a functionandtree_node a for-
mal parameteof thefunctionindicateshatthetwo areassociated
with differentconceptsand thus not a violation of the synorym
rule in the sameway that two global integer variablesposition
andabsolute_position are.

CaprileandTonellaanalyzefunctionidenti ers by considering
their lexical, syntactical,and semanticaktructure[3]. They later
presenanapproacHor restructuringunctionnamesaimedatim-
proving their meaningfulnes§4]. The analysisinvolvesbreaking
identi ers into well separatedvords (i.e., hardwords). The re-
structuringinvolvestwo steps.First, a lexicon is standardizedby
usingonly standardermsascomposingwordswithin identi ers.
Secondthe arrangemenof standardermsinto a sequencéasto
respecta grammarthat conveys additionalinformation. For ex-
ample,the syntaxof anindirectaction,wheretheverbis implicit,
is differentfrom the syntaxof a directaction. They wereableto
comeup with an effective grammarfor the restricteddomainof
functionidenti ers. Extendingthisto all identi ers is anon-trivial
task, but the resultinggrammarwould be usefulin re ning the
notionof syntacticconsisteng andconciseness.

DeiRRenliick and Pizkastressthe value of identi ers in source
code[5] asthey make up a signi cant amountof the uniquein-
formationavailablefrom the source.For example,Eclipse3.0M7
has94,829differentidenti ers which is aroundthe samenumber
of wordsasin Oxford AdvancedLearners Dictionary They also
introducea tool thatenforcesthe rulesfor consistenfandconcise



identi ers duringprogramconstruction.This is donewith the aid
of anidenti er dictionary Thetool improvesthe productvity of
programmers.

Finally, Takangetal. notethatthereis somecontrosersyonthe
valueof dictionaryword identi ers [12]. For example,Shneider
manand Mayer reportthat “variablenameshad a statisticalsig-
ni cance on comprehensiof.However, their studyincludedonly
beginning studentsas participants.On the ip side, Shepparcdet
al. obsere that “variablenamesdid not have a statisticalsigni -
canceon the subjects performancé. This wasbasedn anexper
imentthatinvolved 36 professionaprogrammers|in this second
experiment,the programswere quite small (they varied between
26 to 57 lines of code),which may have beentoo shortto bring
outdifferencesspeciallywith professionaprogrammers.

6. Future Challenges

The current tool does not discover the violation that oc-
curs betweenabsolute _path_given and abs_path becauseabs
is an abbreiation of absolute. De nition 3 could be broad-
ened to include such casesas follows: for soft word w,
let A(w) denote the set of all dictionary words appearing
in the program that map to the same conceptas w. In
De nition 3 replacew; w; SW1 SW2 SWhn Wm  with
W1 W2 ai az an Wm , Wherea; 2 A(sw;) andthecor
respondingreplacemenfor id;. As absolute is in A(abg the
above violation would be detected.

While presentlyunimplementedthe abbreiation relation, A,
could be approximateddy performinga wild-card searchin the
the documentatior{both internaland external). For example,the
searchfor “a.b.s.” where“.” representary sequenceof valid
identi er charactersn the mozilla sourceyields a single dictio-
nary word, absolute. Two otherexamplesoccurringin the case
studywereextractedwith thehelpof theunix utilities grep andis-
pell include horiz abbreiating horizontalandtriag abbreviating
oneof thewordstriangle or triangulate

Finally, in generatinghe examplesusedin the casestudiesit
becamelearthatfollowing therulesproducedmprovedcodethat
waseasierto comprehendHowever, this is anidealthatmay be
dif cult to reach. For example, considertrying to motivate re-
placingbuf with buf_value to avoid a con ict with theidenti er
buf_len. By corvention,mostprogrammersvould understandhat
buf referredto the buffer's value.Empirical evidenceasto theim-
pactof allowing such*“violations” on programmercomprehension
is anotherareaof futureinvestigation.

7. Summary

DeiRenlidck and Pizka's proposethe enforcemenbf rulesfor
consistentand conciseidenti ers usinga tool thatincrementally
builds andmaintainsanidenti er dictionaryasa systemis being
developed. Theidenti er dictionary“explainsthe languageused
in the software system,aidsin consistenthaming,andimproves
productvity of programmerdy proposingsuitablenamesiepend-
ing on the currentcontext.” [5]. This paperstudiesthe restriction
andextensionof DeiRenlidck andPizka’s rulesthatis computable
without a mappingfrom nameso conceptsAs theempiricalevi-
denceshaws, thesesyntacticrulesareusefulin identifying consis-
tentandconcisenesglenti ers.
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