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Abstract

Readers of programshavetwo main sourcesof domain
information: identi�er namesand comments.Whenfunc-
tionsare uncommented,asmanyare, comprehensionis al-
mostexclusivelydependenton theidenti�er names.Assum-
ing that writers of programswant to createquality identi-
�er s (e.g., includerelevantdomainknowledge)howshould
they go aboutit? For example, do the initials of a concept
nameprovideenoughinformationto representtheconcept?
If not, anda longer identi�er is needed,is an abbreviation
satisfactoryor doestheconceptneedto be captured in an
identi�er that includesfull words?

Resultsfroma studydesignedto investigatetheseques-
tions are reported. Thestudyinvolvedover 100 program-
merswhowere askedto describetwelvedifferentfunctions.
The functionsusedthree different “le vels” of identi�ers:
singleletters, abbreviations,andfull words. Responsesal-
low thelevelof comprehensionassociatedwith thedifferent
levelsto bestudied.

The functions include standard algorithms studied in
computersciencecoursesas well as functionsextracted
fromproductioncode. Theresultsshowthat full word iden-
ti�er s lead to the bestcomprehension;however, in many
cases,there is no statisticaldifferencebetweenfull words
andabbreviations.

1 Intr oduction

Conventional wisdom says that choosingmeaningful
identi�er namesimprovesthe ability of the next engineer
to comprehendthe code [6]. This paperseeksto study
theeffect that identi�er nameshave on thecomprehension

of sourcecode. The resultshelp to understandthe impact
certainchoicesfor identi�er constructionhave on program
comprehension.

Theprimaryhypothesisof thestudyis thatfull English-
word identi�ers leadto bettersourcecodecomprehension.
Two otherhypothesesareinvestigated:�rst, increasedwork
experiencesandschoolingleadto a betterability to com-
prehendsourcecode;thus,lowering thevalueof identi�er
quality. Second,in supportof relatedstudies[10], gender
playsa role in con�dencebut not comprehension.

One motivation for this study comesfrom a project
who'saimis to build toolsthatallow aprogrammerto easily
assessaspects(e.g., quality) of a largesoftwaresystem.A
key focusof thesetoolsis on theidenti�ers andcomments.
Althoughcommentstendto bewrittenin anaturallanguage
suchasEnglish,thesameis not necessarilytrueof identi-
�ers. In orderto build toolsthatexploit high quality identi-
�ers, it is �rst importantto understandthecharacteristicsof
identi�er quality. In orderto ascertaintheeffectof identi�er
namesoncomprehension,this paperreportsonastudythat
investigatesthe impactof threelevelsof identi�er quality:
full words,abbreviations,andsingle letters. If using full
wordsis a clearadvantageover abbreviations,thenit will
beeasierto build toolsthatextractinformationfrom identi-
�ers, for example,throughtheuseof a standarddictionary.
However, if abbreviationsof full wordsgive anengineeras
muchinformation,thentools thatconsideridenti�ers must
bedesignedto treatabbreviations.

Thestudyinvolvedover100computerscientistsinclud-
ing bothstudentsandprofessionals.Thesizeandvarietyof
participantsmake this studyunique. Subjectswereasked
to describeoneof threevariantsof twelvefunctions(shown
oneat a time). Thevariantsdifferedonly in thequality of
theidenti�ers used.Eachparticipantwasaskedto providea
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free-formwrittendescriptionof thefunctionanda measure
of their con�dencein understandingthe sourcecode. The
descriptionprovidesa qualitative measureof comprehen-
sionwithout leadingthesubjectto possibleanswers,while
thecon�denceratingprovidesaquantitativemeasureof the
subject'sunderstanding.In orderto accessawidevarietyof
subjects,the studywasconductedover the web andemail
wasusedto solicit participation.Onehundredtwenty-eight
peopleparticipated,ninety-sixprofessionalsandthirty-two
students.

Theremainderof thepaper�rst presentsadescriptionof
theexperimentalsetupin Section2, followedby necessary
backgroundinformationin Section3. This is followedby a
discussionof theresultsandthenrelatedwork in Sections4
and5. Finally, Section6 summarizesthepaperandsuggests
someplacesfor futurework.

2 Experimental Setup

This sectiondescribesthe experimentaldesign. It �rst
describesthe processusedto selectthe twelve functions
usedin the study. Next the appletusedto collect the data
andthenasummaryof thesubjectsdemographicdatais pre-
sented.Finally, theprocessof readyingthedatafor analysis
is discussed.

2.1 SourceCodeSelection

The�rst stepin constructingthestudywasto determine
the twelve functionsto be used. Two kinds of functions
wereof interest:algorithmsandsnippets.The algorithms
include “text book” functions such as binary searchand
quicksort.Thesnippetswerefunctionstakenfrom produc-
tion codeandincluded,for example,�nding thebestmove
in the gamego andsummingall the debitsin an account.
Sourcesfor thesefunctionsincludeseveralalgorithm's text
booksandcodeavailableontheworld wideweb. Theinitial
searchturnedupabout50candidatefunctions.Fromthese,
six algorithmsandsix snippetswherechosenfor inclusion
in thestudy. Thefunctionsrangedin sizefrom 8 to 36 lines
of code.Sincethefocusof thestudyis on identi�ers, com-
mentswereomittedfrom thecodethesubjectsviewed.All
information about the purposeof the codecamefrom its
structureandits identi�ers.

The next task was to createthe threevariantsof each
function. First, thefull (English)word identi�er variantof
eachfunctionwasconstructed.The identi�er namescame
from the original programmersif the codehadbeenwrit-
tenwith Englishword identi�ers or werechosenby theau-
thorsto be particularlymeaningful.The singleletter vari-
antswerecreatedby selectingthe �rst letter of eachword
in thefull-word identi�er.

Finally, theabbreviation variantswerecreatedbasedon
thefull-word variants.Most of theidenti�ers hadcommon
abbreviations (e.g., count ! cnt, length ! len). Ten of
the 63 identi�ers (e.g., current board , target , and
credit ) had no conventionalabbreviation (as known to
theauthors).In thesecasesa professionalprogrammerun-
relatedto the experimentwas asked to abbreviate the 10
identi�ers. Five of the 10 werethe sameabbreviationsas
theauthorsproposed,threecontainedlessinformation(e.g.,
most frequent letter was abbreviated mfl rather
than mfreqlet ). Finally, two abbreviations had minor
differences(scores wasabbreviatedasscrs ratherthan
scs andcredit wasabbreviatedcdt ratherthancred .
To avoid experimenterbias,theprofessionalprogrammer's
abbreviationwereusedin thecasesof disagreement.

To illustratethedifferencein thevariants,Figure1shows
the three variantsof the Sieve of Eratosthenes.The top
functionis thesinglelettervariant.It is expectedthatcom-
prehensionusingthis variantwill be worsethanthe other
variants; thus, this variant is usedto provide a baseline.
The middle function includesabbreviatedidenti�ers (e.g.,
isPriNum ). Finally, the bottomfunction usesfull word
identi�ers (e.g., isPrimeNumber ).

2.2 Data Collection

Theexperimentwasadministeredover thewebto allow
a geographicallydiversegroupof subjectsto take part. A
Java appletwas usedas the user interface to control the
viewing of the sourcecode(e.g., to prevent subjectsfrom
making useto their browser's “back” button to view the
codemultiple times). In addition,theappletmadethecol-
lectionof timing dataeasier. Theappletconsistedof three
mainparts:collectingdemographicinformation,presenting
thesourcecodeandquestionsfor thetwelve functions,and
collecting�nal participantfeedback.

Subjectsbeganwith theademographicspage,whichcol-
lectedtheparticipant'syearsof computerscienceschooling,
yearsof computersciencerelatedwork experience,thetitle
of the last computerscienceposition held, age,and gen-
der. Becausethestudyinvolvedreadingcodewritten in the
programminglanguagesC,C++,andJava,eachsubjectwas
alsoaskedto providetheircomfortlevelwith eachlanguage
on a scaleof 1 to 5, where1 indicatedlow comfort and5
indicatedhighcomfort.

Eachfunction shown in the middle part of the experi-
ment involved viewing two screens.The �rst screendis-
playedthe sourcecodeof the function. Participantswere
asked to spendone to two minutesreadingthe codeand
not to write anything down regardingthe code. The sec-
ond screen,shown in Figure2, asked subjectsto describe
the purposeof the function andto ratetheir con�dencein
their understandingof the sourcecode. Thesetwo pieces
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SingleLetter Variant

void fXX(bool pn[ ], int l)
f

int i, f, p;

pn[0] = false;
pn[1] = false;
for (i = 2; i < l; i++)

pn[i] = true;

for (p = 2; p < l; p++)
if (pn[p])

for (f = p; f * p < l; f++)
pn[f * p] = false;

g

Abbreviatted Variant

void fXX(bool isPriNum[ ], int len)
f

int idx, fac, pri;

isPriNum[0] = false;
isPriNum[1] = false;

for (idx = 2; idx < len; idx++)
isPriNum[idx] = true;

for (pri = 2; pri < len; pri++)
if (isPriNum[pri])

for (fac = pri; fac * pri < len; fac++)
isPriNum[fac * pri] = false;

g

Full Word Variant

void fXX(bool isPrimeNumber[ ], int length)
f

int index, factor, prime;

isPrimeNumber[0] = false;
isPrimeNumber[1] = false;

for (index = 2; index < length; index++)
isPrimeNumber[index] = true;

for (prime = 2; prime < length; prime++)
if (isPrimeNumber[prime])

for (factor = prime;
factor * prime < length; factor++)

isPrimeNumber[factor * prime]
= false;

g

Figure 1. The three variants of the function
that uses the Sieve of Erathosthenes to �nd
prime number s.

of informationwereusedasthe comprehensionmeasures.
(As anaside,thiscon�denceratingwasmisinterpretedby a
few subjects,who wrote “I don't know” asthedescription
andgaveit acon�denceof 5, indicatingthey wereverysure
they did notknow whatthecodedid; however, mosttreated
their con�denceasintended.)

To ensurethateachparticipantsaw anevendistribution
of the threedifferent variantsand to ensurethat for each
question,eachvariant of the codewas seenby a similar
numberof participants,thesequenceof variantsshown was
randomly taken from three possiblesequences.The se-
quenceswere createdusing Latin Squaresto ensurethat
eachsubjectencounteredan equalnumberof eachtypeof
questionin abalancedfashion.Fromthedatacollected,the
actualnumberof responsesfor eachvariantwas357,364,
and366,which indicatesthatgoodbalancewasachieved.

The �nal screen,seenonly by subjectswho completed
all twelvequestionsprovidespacefor free-formcomments.
Participantsvolunteeredsuchinformationas their opinion
of particularquestions,their frustrationwith the choiceof
identi�er names,and the amountof time that haspassed
since they last had to readcode. One subjectobserved,
“Nice survey. Programsare indeedinherentlyunintelligi-
bleespeciallyfor theunexperiencedeye.”

2.3 SubjectDemographics

The subjectswho participatedin this studyincludeun-
dergraduateandalumni of Loyola College (a convenience
sample).In addition,email requestsweresentto otherin-
stitutions' alumni,professionalgroups,etc. In all 128par-
ticipantsansweredat leastonequestion.Sixty-four others
�lled in only thedemographicinformation. About 25 per-
centof theparticipantscanbecategorizedasstudentsbased
on thenumberof yearsof computerscienceschooling.The
averageageof theparticipantswas30yearswith astandard
deviation of 11. Theaveragenumberof yearsworkedwas
7.5with astandarddeviationof 8.8.Tenpercentof thepar-
ticipantswerefemale.Finally, theaveragecomfortsubjects
reportedfor C, C++,andJavaonascaleof 1 to 5, were3.3,
3.4,and3.6,respectively.

Thenumberof subjectsthatdid not completethestudy,
known as drop-outs,is depictedin Figure 3. The �gure
reportsthe numberof participantsthat stoppedafter each
question.Eightyof the128participantsor 62.5%,answered
all twelve questions.As seenin the�gure, all but oneper-
sondroppedout in the�rst half of thestudy.

Giventhatthefunctionswereshown in sameorderfor all
participants,moresubjectsevaluatedthe�rst functionthan
the last one. It is likely that fatigueplayeda part in drop-
pingout. Onesubjectcommentedon fatiguemultiple times
whendescribingthepurposeof thefunctions.Otherfactors
thatmayhave leadto droppingout includetheunexpected
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Figure 2. This is a screen shot of the second screen where subjects entered free form text to describe
the function they viewed on the previous page. Then a con�dence of their under standing of the code
was indicated.

Figure 3. The drop­out rate repor ted as the
number of par ticipants that left the stud y after
completing a par ticular question.

dif�culty andthe amountof time requiredto completethe
study.

2.4 Data Preparation

Thedatapreparationinvolvedthreeprimarysteps.First,
two non-numericvaluesfrom thedemographicinformation
wherereplaceby approximatenumericvalues. Thesetwo
weretheage“40+” which wasreplacedby 45 andtheage
“old” which wasreplacedby 60. Both replacementswere
basedon the professionand the numberof yearsof work
experience.

Second,the dataassociatedwith timesthat seemedun-
usuallyshortor longwereexamined.Mostof theextremely
short times (lessthan 10 milli-seconds)camefrom prob-
lems in the interface. In thesecases,which numbered5,
theentirequestionwasdiscardedfor thatparticularsubject.
Consideringshort times also uncoveredthat two subjects
who quit the study and then startedover at a later time.
Sincethey closedtheir browser, they beganwith the �rst
questionagainandthus,could answerthe questionswith-
out �rst analyzingthe code. In thesecases,thesecondre-

sponsesto the functionswerediscardedandtheremaining
responsesweremergedinto asinglerecord.

Long timeswereobservedonbothscreensandappeared
to indicate somekind of distractionoccurring (e.g., one
subjectreportedthat a phonecall hadbeentaken). Since
thesetimeswould adverselyeffect the statistics,suchout-
liersweretreatedasmissingdata,which is commonin sim-
ilar studies.Thestatisticalanalysiscanreadilyhandlethis
missingdata.

Finally, in addition to cleaningthe data,the free-form
descriptionswereevaluated. Two of the authorsindepen-
dently evaluatedeachresponseon a 0 to 5 scalewith the
following interpretationsfor eachnumber:

5 yes
4 mostlyyes
3 half right
2 mostlyno
1 no
0 omittedanansweror reportedaproblemwith

viewing thecode
For somefunctions,furtherdirectionswereagreedon such
asfor thebinarysearchalgorithm,a descriptionwasgiven
a 4 if theword binarywasomittedfrom a descriptionthat
wasotherwisecorrect.

In total, 1087responseswereevaluated.The responses
werein randomorderto avoid any biasby variant. There
wasagreementbetweenthe raterson 78 percentof the re-
sponses.To obtainameasureof agreementbetweenthetwo
raters,a � statisticwascomputed.Theresultof 0.71indi-
catessubstantialagreement[7].

3 Background

This sectiondescribesthe statisticaltestsusedto ana-
lyze the study responses.As the data includesrepeated-
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measuresandmissingvalues,dueto participantsnot com-
pletingall twelvequestions,linearmixed-effectsregression
models[14] wereusedto analyzethe data. Suchmodels
easily accommodateunbalanceddata, and, consequently,
are ideal for analyzingthe study's results. This statistical
model allows the examinationof importantvariablesthat
areassociatedwith thevariousresponsevariables.

The initial model includesexplanatoryvariablesanda
number of interaction terms. The interaction terms al-
low the effectsof onevariableon the responsevariableto
changedependinguponthevalueof anothervariable. For
example, if con�dence interactswith genderin a model
where rating is the responsevariable, then the effect of
con�dence on rating dependson gender(i.e., is differ-
ent for men and women). Backward elimination of sta-
tistically non-signi�cant terms (p > 0:05) yields the �-
nal model. Note that somenon-signi�cant variablesand
interactionsare retainedto preserve a hierarchicalwell-
formulatedmodel[9].

Thestudycomparesthethreevariantswithin eachof the
twelvequestions.With threevariantsandtwelvequestions,
thirty-six comparisonaremade. Computinga standardt-
valuefor eachcomparisonandthenusingthestandardcrit-
ical valueincreasestheoverall probabilityof a typeI error.
Thus,a Bonferroni's correctionis madeto the p-valuesto
correctfor this multiple testing. In essenceeachp-valueis
multipliedby36andtheadjustedp-valueis comparedto the
standardsigni�cancelevel (0.05)to determinesigni�cance.

4 Experimental Results

This sectionexaminestheresultsof thedescriptionrat-
ingsandtheparticipantscon�dencein their understanding
of thecodein thecontext of thestudy'shypotheses:

� Full English-wordidenti�ers leadto bettersourcecode
comprehension

� Increasedwork experienceandschoolingleadto abet-
ter ability to comprehendsourcecode; thuslowering
thevalueof identi�er quality

� Genderplaysa role in con�dencebut not comprehen-
sion

A simplecomparisonof the averagesfor eachvariant,as
shown Table4, shows theexpectedtrendfor bothdescrip-
tion ratingsandcon�dence.Thesinglelettervarianceshave
considerablelysmalleraverageratingsandcon�dences,and
the full word variantshave the best averages. Unfortu-
nately, theexistenceof interactionbetweenmodelparame-
tersmakessimplestatisticalstatementsrelatingthesevalues
dif�cult.

descriptionrating con�dence
variant sing. abbr. full sing. abbr. full
average 3.10 3.72 3.91 3.06 3.55 3.64

Table 1. Mean values calculated for descrip­
tion rating and con�dence .

Giventhenumberof explanatoryvariablesthatcouldef-
fect theseresults,two differentlinearmixed-effectsregres-
sion modelswereusedto analyzethe results: onesimple
andonecomplex. The simplemodelincludesonly theef-
fectsfor questionandvariantaswell astheir interaction.It
is usedto get an initial impressionof the data. The more
complex model is thenusedto assessthe effectsof addi-
tionalexplanatoryvariableson theresponsevariables.

4.1 Description Ratings

Thesimplemodelfor descriptionratingsexamineshow
question, variant, and their interaction,hereafterdenoted
question*variant, affect the descriptionrating. Mixed ef-
fectsanalysisshows that all threevariablesare important
to thedescriptionrating. Thep-valuefor the interactionis
< 0.0001.Consequently, theeffectof varianton theratings
of thedescriptionsdiffersamongthequestions.

Giventhattheinteractionis signi�cant, no trendscanbe
discussedfor variant or questionindependently. Figure4
depictsthe interaction. First, notice that the single letter
line is generallybelow theothertwo lines.Theonly excep-
tion is Question9, quick sort. It may be that this is such
a well studiedalgorithmthat thestructureof thecodewas
suf�cient to determineits purpose.

The three questionswhere circles appearin Figure 4
show signi�cant differences(theotherquestionsdid notex-
hibit signi�cant differences).Whenmorethanonevariant
occursin the samecircle, it meansthat thereis no statis-
tical differencebetweenthosevariants. In all threecases,
it shows that full word identi�ers leadto signi�cantly bet-
ter descriptionratingsthansingleletter identi�ers. In two
cases,abbreviation identi�ers lead to signi�cantly better
ratingsthanthesingleletters.Thereis neverastatisticaldif-
ferencebetweenfull wordsandabbreviations,whichmeans
thatthesubjectswhoviewedtheabbreviationswereableto
getaboutasmuchinformationoutof theidenti�ers asthose
that viewed the full word identi�ers. However, given that
the meanof the full word descriptionratingsweregener-
ally higher than the abbreviations, it is possiblethat with
a larger samplesize the differencebetweenfull word and
abbreviationwouldbestatisticallysigni�cant.

One �nal interestingobservation that comesfrom this
modelis thattwo of thethreequestionsthatshowedsignif-
icant differenceswere snippets,whereasonly onewasan
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Figure 4. The plot sho ws the mean ratings
based on question and variant, whic h illus­
trates the interaction between these two vari­
ables. The cir cles indicate where signi�cant
diff erences occur . If two variants are in the
same cir cle, there is no signi�cant diff erence
between the variants. The plot sho ws that
signi�cant diff erences occurred in questions
5, 6, and 8. In all other questions where no
cir cles are present, no signi�cant diff erences
were obser ved between the three variants.

algorithm.Theonealgorithm,Question8, wasSieveof Er-
atosthenes,which determineswhethera numberis prime.
In this function,theidenti�er isPrimeNumber appeared
in the full word variant,which is why it is no surprisethat
the meanrating was closeto 5. In the abbreviation vari-
ant, thevariablewasrenamedto isPriNum , which along
with the structureof the codeandother identi�ers leadto
a meandescriptionrating of about4.5. In thesingleletter
variant,the variablewasnamedpn, which did not enable
asmany subjectsto identify thecodecorrectly. Whencon-
sideringthe snippetquestions,theseshouldbe moresimi-
lar to the kind of codean engineerwould encounterwhen
consideringa system. In this case,a third of the snippet
questionsshow signi�cant improvementin descriptionrat-
ing whenfull wordsareusedfor identi�ers ratherthansin-
gle letters.It canbeconcludedthattheidenti�er namesfor
non-algorithmsis moreimportantthanfor algorithms.

The secondmodel includesthe demographicdatacol-
lected,the time spentanalyzingthe codeand writing the
descriptions,variant,andquestioncharacteristicsin place
of thequestionnumber. Themodelalsoincludesall inter-
actionsamongthesevariables.Thequestionsaredescribed
using the following attributes: code type (whethersnip-
petor algorithm),numberof identi�ers in thecode(identi-
�er s), numberof identi�ers squared(identi�ers2), andlines
of code.

In termsof demographicinformation,thereweresignif-
icant interactionsbetweengenderandvariant (p = 0.0062)

Figure 5. The plot sho ws the mean ratings
based on genderand variant, whic h illustrates
the interaction between these two variab les.
The cir cles indicate where signi�cant diff er­
ences occur . If two variants are in the same
cir cle, there is no signi�cant diff erence be­
tween the variants.

and betweenhigh comfort in multiple programminglan-
guagesandvariant (p = 0.0106). The gender*variantin-
teractionshown in Figure5 revealsthatmenproducedbet-
ter descriptionsfor the full word variant,while for women
therewasno differencebetweenfull wordsandabbrevia-
tions. Also, the meanscorefor men on the single letter
variantwas 0.75 higher than for women. This may indi-
catethat informative identi�er namesare more important
for womenthanfor men;but thatwomencomprehendmore
from abbreviationsthanmendo.

In this study, a high comfortwasequatedwith a subject
indicatinga comfort level of 4 or 5 in two of thethreepro-
gramminglanguagesaskedaboutin thedemographicssec-
tion. For thehigh-comfort*variantinteraction,participants
aredividedinto groupsbasedoncomfort. After doingso,it
canbeseenthatvarianthasa muchgreaterimpacton those
thathave lessexpertise.With full word identi�ers, thereis
only abouta 0.1differencein themeansfor thedescription
rating,wheretheexpertshavea theslight edgeasshown in
Figure6. Whenconsideringthedifferencein meansfor ab-
breviations,thegapgrows to about0.3. In thesingleword
variant,thegapis morethan0.6. Althoughbothgroupsget
themostout of full words,this addedinformationis more
importantto thelessexperiencedprogrammer. Figure6 also
revealsthat for bothgroupsof subjects,thereis no signif-
icant differencebetweenfull wordsandabbreviations,but
both variantsare signi�cantly betterthan the single letter
variant.

In termsof questioncharacteristics,all four characteris-
tics aresigni�cant variablesin thedescriptionrating. Code
type, having p-value< 0:0001, revealsthatalgorithmshad
higher descriptionratings. This could be becausealgo-
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Figure 6. The plot sho ws the mean ratings
based on comfortand variant, whic h illustrates
the interaction between these two variab les.
The cir cles indicate where signi�cant diff er­
ences occur . If two variants are in the same
cir cle, there is no signi�cant diff erence be­
tween the variants.

rithms have well known names;thus, it is easierfor the
subjectsto describethem,or becausemostparticipantshad
seenthembefore,thecodewaseasierto identify. Themodel
shows that descriptionrating increaseswith the lines of
code,indicatingthatmorecodeimprovescomprehension,at
leastwhenlinesof codearein therangeof 8 to 36. Thelines
of code'sp-valuewas0.0013.Thevariablesidenti�ers, and
identi�ers2 were also signi�cant as well as their interac-
tionswith variant. The interactionsidenti�ers*variant and
identi�ers2*variant both had p-valuesof 0.0001. From a
plot showing theseeffects,theoptimalnumberof identi�ers
for full wordsandabbreviationshoversaround5. Function
ratingswith greateror fewer identi�ers continuouslyde-
clineasthedistancefrom 5 grows. Thesinglelettervariant
hasa differentbehavior, with descriptionratingdecreasing
asthe numberof variablesincrease.Given that the single
letters,provide little domaininformation,it is not surpris-
ing thatits trendis different.

In termsof time, the amountof time spenton the sec-
ond screenis signi�cant, but the effect is complex. When
a plot of the ratingsvs. timeon thesecondscreenwasex-
amined,it wasnoticedthatinitially thereis a rapidincrease
in theratings.At about16,000milli-seconds(16 seconds),
theratingslevel off andthereaftertendto graduallydecline
with increasingtime. To accountfor this pattern,anindica-
tor variableis de�ned that is 0 before16,000and1 there-
after. This allows the associationbetweenrating andtime
to bedifferentbeforeandafter16,000ms. Themodelcon-
tains this indicator variable,the variableln time , and the
interactionbetweentheindicatorvariableandln time .

Eachof thesetermsis statisticallysigni�cant in the�nal
model.Usingtheparametersfrom the�tted model,there-

sultsshow thesamesharpincreasein ratingsfollowedby a
gradualdecline.This behavior canbeaccountedfor by the
fact that somesubjectssimply clicked on their (low) con-
�dence and continuedon to the next question. For those
subjectsthat attemptedto describethe function, thosethat
understoodthe codecreatedthe descriptionmore quickly
thanthosethatdid not.

Thereweretwo othersigni�cant variablesin thismodel.
Onewasthecon�dencesubjectshadin their understanding
of thecodewith a p-value< 0.0001.This showedthatde-
scriptionratingincreasedwith con�dence. This is notasur-
prising resultsinceboth con�denceanddescriptionrating
aremeasuresof comprehension.The otherwasthe length
of the description,which wascalculatedfrom the number
of charactersin thedescription.This variablehadap-value
of 0.0077andshowedthatratingincreasedwith thelength.
This indicatesthat subjectswho wrote longerdescriptions
understoodthefunctionbetter.

In summary, the datasupportsthe hypothesisthat sub-
jectswrotethebestdescriptionsfor functionswith full word
identi�ers. It alsoshowsthatgenderplaysarolein thecom-
prehensionof codeasdoesprogrammingexpertisewhenit
comesto interpretingabbreviations.In addition,it �nds that
5 is an optimal numberof (domaininformationcarrying)
identi�ers to beconsideredat onetime. An interestingside
noteis thatwork experienceandschoolingarenot signi�-
cantfactorsfor writing correctdescriptions.

4.2 Con�dence

Like thesimplemodelfor descriptionrating,thesimple
modelfor con�denceexamineshow question, variant, and
their interactionaffect thecon�dencereportedby the sub-
ject. Con�denceis an importantre�ection of comprehen-
sionasit reportsthesubjectsbelief in their understanding.
All threevariablesareimportantto themodel.Thep-value
for the interactionis 0.0130. Consequently, the effect of
varianton theratingsof thedescriptionsdiffersamongthe
questions.

Theinteractionplot is shown in Figure7. Subjectsgen-
erally hadlesscon�dencein their comprehensionof code
with singlelettersthantheothervariants,andmostoftenthe
highestcon�dencecamefrom codewith thefull word iden-
ti�ers. However, signi�cant differencesonly occurredin
four questions.In thesequestions,thesigni�cant difference
camebetweensingle lettersandfull words. It is interest-
ing to notethat the threequestionswith signi�cant differ-
encesin descriptionrating alsohadsigni�cant differences
in con�dence,which may indicatethat thesetwo response
variablesweremeasuringsimilar information,namelycom-
prehension.

Theexpandedmodelfor con�dencebeganwith thesame
explanatoryvariablesasthat for descriptionrating: thede-
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Figure 7. The plot sho ws mean con�dence
values based on question and variant, whic h
illustrates the interaction between these two
variab les. The cir cles indicate where signi�­
cant diff erences occur . If two variants are in
the same cir cle, there is no signi�cant diff er­
ence between the variants. The plot sho ws
that signi�cant diff erences occurred in ques­
tions 4, 5,6, and 8. In all other questions, no
signi�cant diff erences were obser ved.

mographicdata,thetimespentanalyzingthecodeandwrit-
ing the descriptions,variant, and questioncharacteristics.
However, thismodelfounddifferentsigni�cant variables.

In termsof demographicinformation, signi�cant vari-
ablesarethenumberof yearsworked(p = 0:0138), number
of years in school (p < 0:0001), andgender(p = 0:0154).
The datareveal that con�dence increasesboth with num-
ber of years worked andnumberof years in school. Nei-
therof thesetwo resultsis unexpected.Whenconsidering
gender, femalesratetheir con�dence0.4 lower thanmales.
This patternhasbeenobservedbefore[10]. At �rst glance,
it may appearthat therearetoo few femaleparticipantsto
draw suchconclusions;however, in order for a statistical
differentto occur, avery largedifferencemustbeobserved,
makingtheresultnoteworthy.

In termsof questioncharacteristics,two of thefour char-
acteristicsusedweresigni�cant: codetype(p = 0:0004)
andnumberof identi�ers (p < 0:0001). Linesof codewas
not found to be signi�cant. It is observed that algorithms
leadto highercon�denceandmoreidenti�ers leadsto lower
con�dence.This secondconclusionis ratherunintuitive. It
is dif�cult to saywhy this occurred.

In termsof time,thetimespentonthe�rst screenanalyz-
ing thecodeandtimespentonthesecondscreenanswering
the questionswereboth signi�cant. However, the relation
is non-linear. Con�denceincreasesasthetimespenton the
�rst screenincreasesfrom 0 to about15,000milli-seconds.
After that point con�dence slowly decreasesas time in-
creases.This indicatesthat thereis an optimal amountof

time that one can spendanalyzingsourcecodeand after
thanpoint therearediminishingreturns.Thesamepattern
occurson the secondscreen;however, the cut-off time is
16,000milliseconds,ratherthan15,000.Again,sometime
is necessary, but toomuchtime indicateslowercon�dence.

Two other variable were found to be signi�cant: de-
scription length(p = 0:0012) anddescriptionrating (p <
0:0001). Con�denceincreaseswith bothincreaseddescrip-
tion lengthanddescriptionrating. Theincreasein descrip-
tion lengthshows that subjectswho have more to sayare
morecon�dent. Whenconsideringdescriptionrating, it is
not surprisingthat it is a signi�cant factorsincecon�dence
is a signi�cant factorin thedescriptionratingmodel.

In summary, the hypothesisthat con�dence correlates
with yearsof experienceis supportedby thedata.Thehy-
pothesisthatgraduatedparticipantsdobetterthanthoseyet
to graduateis supportedby the fact that more schooling
leadsto highercon�dence.Also, genderdoesplaya role in
con�dence,with womengenerallyhaving lowercon�dence
thanmen.

4.3 Summary of Results

Although descriptionrating and con�dence are highly
correlated,the modelsgeneratedfor eachprovide differ-
ent information and insights. For example,work experi-
enceandyearsof schoolingplay a signi�cant role in con�-
dence,but not in descriptionrating. Althoughgenderplays
a role in bothmodels,thatrole is different.In termsof con-
�dence, it is shown thatwomenratetheir con�dencelower
than men. However, in termsof descriptionrating, men
performsigni�cantly higheronfull wordsthanonabbrevia-
tions,whereasthereis nostatisticallysigni�cant difference
observedfor women. Finally, subjectstendto have higher
ratingsandhighercon�dencein their ability to understand
algorithmsthanthesnippetsof productioncode.

4.4 Thr eatsto Validity

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

Externalvalidity, sometimesreferredto asselectionva-
lidity, is thedegreeto whichthe�ndings canbegeneralized
to other organizationsor settings. In this experiment,se-
lectionbiasis possibleastheselectedfunctionsandpartici-
pantsmaynotberepresentativeof thosein general;thus,re-
sultsfrom theexperimentmaynotapplyin thegeneralcase.
Carefulselectionof thefunctionsmitigatestheimpacttheir
selection. Given the demographicdata,the subjectsseem
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fairly representativeof thecomputersciencecommunityat
large.

Secondis the threat to internal validity: the degreeto
which conclusionscanbedrawn aboutthecausaleffect of
theexplanatoryvariableontheresponsevariable.Statistical
associationsdo not imply causation.Though,giventheex-
perimentalsetupthatsubjectsareassignedto questions,one
shouldbeableto infer thatdifferencesbetweenthequestion
variantsare due to the different typesof identi�ers. One
threatcomesfrom the lossof participantsin thebeginning
of thestudy, known asattentioneffects.Giventhatthereare
severalreasonsanindividualmayhavediscontinuedpartic-
ipationin thestudy, it is thoughtto beunlikely thattheloss
is systematicallycorrelatedwith conditions.Otherpotential
threatsto internalvalidity, for example,historyeffectsand
subjectmaturation[11] arenonissuesgiventheshortdura-
tion of theexperiment.Selectioneffectswereaddressedby
gatheringa representative sampleof programmers,andby
choosingfunctionsthat representedvarioustypesof code.
Finally, it is possiblethatexposureto earlyquestionshadan
effect on responsesto laterquestions.No evidenceof this
wasfoundin theparticipantsresponses.

Constructvalidity assessesthedegreeto which thevari-
ablesusedin the study accuratelymeasurethe concepts
they purport to measure. As humanassessmentof qual-
ity is rathersubjective, it is possiblethatsomeotheraspect
of the codeassessedaffectedparticipants'responses.The
parallelsbetweenthemodelsfor thedescriptionratingand
con�dencesuggestthatthis is notaseriousconcern.

Finally, a threatto statisticalconclusionvalidity arises
when inappropriatestatisticaltestsare usedor when vio-
lations of statisticalassumptionsoccur. The modelsap-
plied to this dataareappropriatefor analyzingunbalanced
repeated-measuresdata,sothattheconclusionsdrawn from
thestatisticsshouldbevalid.

5 RelatedWork

There is ongoing interest in naming identi�ers. Al-
thougheducatorstendto stresstheimportanceto meaning-
ful identi�er names,this is not universallyvalued. Sneed
observes that “in many legacy systems,proceduresand
dataare namedarbitrarily � � � programmersoften choose
to nameproceduresaftertheirgirlfriendsor favoritesports-
men” [12]. However, simply becauseun-informative iden-
ti�ers may exist, doesnot meanthat the codeusing them
is of goodquality. CaprileandTonellastatethat“identi�er
namesareoneof themostimportantsourcesof information
aboutprogramentities”[4].

Given the importanceof identi�er naming,several re-
searchprojectshaveconsideredtheissueof identi�er nam-
ing conventions. Naming conventionsare important be-
cause“studiesof how peoplenamethings(in generalnot

just in code)have shown thattheprobabilityof having two
peopleapply the samenameto an object is between7%
and18%,dependingon theobject” [2]. Anquetil andLeth-
bridge [1] de�ne what it meansto have a “reliable nam-
ing convention”.Deissenb̈ockandPizka[5] createaformal
modelfor conceptsandnameswhich is usedto determine
reliablenames.CaprileandTonella [3] usea grammarto
de�ne thenamingconventionandusethegrammarto �nd
semanticmeaningin thewords.In additionto namingcon-
ventions,the informativenessof identi�ers hasbeenexam-
inedby Takanget al. [13].

Anquetil and Lethbridgehypothesizedthat a “naming
conventionis reliableif thereis anequivalencebetweenthe
nameof thesoftwareartifactsandtheconceptsthey imple-
ment” [1]. This hypothesiswasstudiedthroughtheexam-
inationof recordde�nitions. In the legacy codethey stud-
ied,it wasevidentthatanamingconventionexistedbecause
recordswith similar nameshadsimilar �elds.

Deissenb̈ock andPizkacreatea formal modelbasedon
bi-jectivemappingsbetweenconceptsandnames.Theidea
is thatwithin a givenprograma conceptshouldalwaysbe
referredto by the samename. They introducean “iden-
ti�er dictionary” and provide a tool that will help main-
tainconsistentnamingthroughoutthelifetime of asoftware
project[5]. Deissenb̈ock andPizkaarguethatnamingcon-
ventionsareneededto enforceconsistency andto provide
guidelinesaboutthemechanicsof turninga conceptinto a
name.With suchguidelines,namesshouldcontainenough
informationfor anengineerto comprehendtheprecisecon-
cept.

CaprileandTonellaanalyzefunctionidenti�ers by con-
sideringtheir lexical, syntactical,andsemanticalstructure.
They breakidenti�ers into word segmentsand thenusea
grammarto �nd semanticmeaningin the words. By fol-
lowing a grammar, CaprileandTonellaanticipateimprove-
mentsin thereadability, understandabilityand,moregener-
ally, maintainabilityof a program[3].

Othershave attemptedto determinethe informativeness
of identi�ers includingTakangetal. [13]. TheTakangstudy
comparedabbreviatedidenti�ers to full-wordidenti�ers and
uncommentedcode to commentedcode. The abbrevia-
tions werecreatedfrom the �rst two lettersof the English
word(e.g., CalculateNumericScore wasabbreviated
asCaNuSc). Giventhatit maybedif�cult to recognizethe
baseword in theabbreviation,theseabbreviationsaremore
similar to the single letter identi�ers usedin the studyre-
portedin thispaper. Subjectsfor thestudyconsistedof �rst
yearstudents,whichmeansthatresultsmaynotbeapplica-
ble to professionalssincenoneparticipatedin thestudy. To
assessunderstandingof thecode,multiplechoicetestscores
andparticipant's subjective scoreswereused. The objec-
tive testscoresshowedthatcommentedprogramsaremore
understandablethannon-commentedprograms. The sub-
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jective scoresshowedthatprogramsthat containfull word
identi�ers aremoreunderstandablethanthosewith abbre-
viatedidenti�ers; however, nothingcanbeconcludedabout
moreinformativeabbreviations.Also only asingleprogram
wasusedin theanalysis,soit is moredif�cult to generalize
theresultsto othertypesof programsin otherdomains.The
studywasunableto show any improvementfrom both full
word identi�ers andcomments.

6 Summary and Future Challenges

Thestudydescribedin this papershowsthatbettercom-
prehensionis achievedwhenfull word identi�ers areused
ratherthansingleletter identi�ers asmeasuredby descrip-
tion rating andcon�dencein understanding.It alsoshows
that in many casesabbreviationsare as useful as the full
word identi�ers, althoughthis is moretruefor womenthan
for men. Genderalsoimpactscon�dence,wheremengen-
erally reporthighercon�dence. In addition, it shows that
work experienceandeducationplayanimportantrole in an
engineer'scon�dencein understandinga pieceof code,but
not in his ability to write descriptionof what that codeis
accomplishing.

Giventheresultsof thestudy, it is clearthattoolsassess-
ing identi�er quality needto beableto make useof abbre-
viations. A key next stepfor suchtools is to automatically
associatemeaningswith abbreviations.This might bepos-
sible using machinelearningtechniques[8] to selectkey
componentsfrom thedocumentationbasedon higher-level
concepts.
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