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Abstract

Reades of programshavetwo main souicesof domain
information: identi er namesand comments.Whenfunc-
tionsare uncommenteds manyare, compehensioris al-
mostexclusivelydependenbn theidenti er namesAssum-
ing that writers of programswant to createquality identi-

ers(e.g., includerelevantdomainknowled@) how should
they go aboutit? For example do theinitials of a concept
nameprovide enoughinformationto representheconcept?
If not, anda longer identi er is neededjs an abbreviation

satisfactoryor doesthe conceptneedto be capturedin an

identi er thatincludesfull words?

Resultfrom a studydesignedo investigatetheseques-
tions are reported. The studyinvolvedover 100 program-
meis whowere asledto describetwelvedifferentfunctions.
The functionsusedthree different “le vels” of identi ers:
singleletters, abbreviations,and full words. Responseal-
low thelevel of compehensiorassociatedvith the different
levelsto be studied.

The functionsinclude standad algorithms studiedin
computersciencecoursesas well as functionsextracted
fromproductioncode Theresultsshowthat full word iden-
ti er s lead to the bestcompehension;however, in many
casesthere is no statistical differencebetweerfull words
andabbreviations.

1 Intr oduction

Corventional wisdom says that choosing meaningful
identi er namesimprovesthe ability of the next engineer
to comprehendhe code[6]. This paperseeksto study
the effect thatidenti er nameshave on the comprehension

of sourcecode. Theresultshelp to understandhe impact
certainchoicesfor identi er constructiorhave on program
comprehension.

The primary hypothesiof the studyis thatfull English-
word identi ers leadto bettersourcecodecomprehension.
Two otherhypotheseareinvestigated:rst, increaseavork
experiencesand schoolingleadto a betterability to com-
prehendsourcecode;thus,lowering the value of identi er
quality. Second,n supportof relatedstudies[10], gender
playsarole in con dencebut notcomprehension.

One motivation for this study comesfrom a project
who'saimis to build toolsthatallow a programmeto easily
assesaspectqe.g., quality) of a large softwaresystem.A
key focusof thesetoolsis ontheidenti ers andcomments.
Althoughcommentdendto bewrittenin anaturallanguage
suchasEnglish,the sameis not necessarilftrue of identi-

ers. In orderto build toolsthatexploit high quality identi-
ers, itis rst importantto understandhe characteristicef
identi er quality. In orderto ascertairtheeffectof identi er

nameson comprehensiorthis papemreportson a studythat
investigateghe impactof threelevels of identi er quality:
full words, abbreviations, and single letters. If usingfull

wordsis a clearadwantageover abbreiations,thenit will

beeasierto build toolsthatextractinformationfrom identi-
ers, for example,throughthe useof a standardlictionary
However, if abbreviationsof full wordsgive anengineeras
muchinformation,thentools that consideridenti ers must
be designedo treatabbreviations.

The studyinvolvedover 100 computerscientistanclud-
ing bothstudentsandprofessionalsThe sizeandvariety of
participantsmalke this study unique. Subjectswere asled
to describeoneof threevariantsof twelve functions(shovn
oneat atime). The variantsdifferedonly in the quality of
theidenti ers used.Eachparticipantwasaslkedto providea



free-formwritten descriptionof the functionanda measure
of their con dencein understandinghe sourcecode. The
descriptionprovides a qualitatve measureof comprehen-
sionwithout leadingthe subjectto possibleanswerswhile
thecon denceratingprovidesa quantitatve measuref the
subjectsunderstandingln orderto accesawide variety of
subjects the studywas conductedover the web and email
wasusedto solicit participation.Onehundredwenty-eight
peopleparticipated ninety-sixprofessionalgndthirty-two
students.

Theremaindeiof the paper rst presentadescriptiorof
the experimentaketupin Section2, followed by necessary
backgroundnformationin Section3. Thisis followedby a
discussiorof theresultsandthenrelatedwork in Sectionst
and>. Finally, Section6 summarizeshe paperandsuggests
someplacedor futurework.

2 Experimental Setup

This sectiondescribeghe experimentaldesign. It rst
describegsthe processusedto selectthe twelve functions
usedin the study Next the appletusedto collectthe data
andthenasummaryof thesubjectslemographidatais pre-
sentedFinally, theprocesf readyingthedatafor analysis
is discussed.

2.1 SourceCodeSelection

The rst stepin constructinghe studywasto determine
the twelve functionsto be used. Two kinds of functions
were of interest: algorithmsand snippets. The algorithms
include “text book” functions such as binary searchand
quick sort. The snippetswerefunctionstakenfrom produc-
tion codeandincluded,for example, nding the bestmove
in the gamego and summingall the debitsin anaccount.
Sourcedor thesefunctionsincludeseveralalgorithm's text
booksandcodeavailableontheworld wideweh Theinitial
searchturnedup about50 candidatdunctions.Fromthese,
six algorithmsandsix snippetswherechoserfor inclusion
in thestudy Thefunctionsrangedn sizefrom 8 to 36lines
of code.Sincethe focusof the studyis onidenti ers, com-
mentswereomittedfrom the codethe subjectsviewed. All
information aboutthe purposeof the code camefrom its
structureandits identi ers.

The next task wasto createthe threevariantsof each
function. First, the full (English)word identi er variantof
eachfunctionwasconstructed.Theidenti er namescame
from the original programmersf the codehad beenwrit-
tenwith Englishword identi ers or werechoserby theau-
thorsto be particularly meaningful. The singleletter vari-
antswere createdby selectingthe rst letter of eachword
in thefull-wordidenti er.

Finally, the abbreviation variantswere createdbasedon
the full-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 ) hadno conventionalabbreviation (as known to
the authors).In thesecasesa professionaprogrammeun-
relatedto the experimentwas asked to abbreviate the 10
identi ers. Five of the 10 werethe sameabbreiationsas
theauthorgroposedthreecontainedessinformation(e.g.,
most _frequent _letter  was abbreviated mfl rather
than mfreglet ). Finally, two abbreviations had minor
differenceqscores wasabbreviatedasscrs ratherthan
scs andcredit wasabbreviatedcdt ratherthancred .
To avoid experimenteiias,the professionaprogrammeis
abbreviation wereusedin the casef disagreement.

Toillustratethedifferencan thevariants Figurel shovs
the three variantsof the Sieve of Eratosthenes.The top
functionis the singlelettervariant. |t is expectedthatcom-
prehensiorusingthis variantwill be worsethanthe other
variants; thus, this variantis usedto provide a baseline.
The middle functionincludesabbreviatedidenti ers (e.g.,
isPriNum ). Finally, the bottom function usesfull word
identi ers (e.g., isPrimeNumber ).

2.2 Data Collection

The experimentwasadministeredver thewebto allow
a geographicallydiversegroup of subjectsto take part. A
Java appletwas usedas the userinterfaceto 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,the appletmadethe col-
lection of timing dataeasier The appletconsistedf three
mainparts:collectingdemographiénformation,presenting
the sourcecodeandquestiondor the twelve functions,and
collecting nal participantfeedback.

Subjectdeganwith theademographicpagewhich col-
lectedtheparticipantsyearsof computeiscienceschooling,
yearsof computersciencaelatedwork experiencethetitle
of the last computerscienceposition held, age, and gen-
der. Becauséhe studyinvolvedreadingcodewrittenin the
programmindanguage€, C++,andJa/a, eachsubjectwas
alsoasledto providetheircomfortlevel with eachlanguage
on ascaleof 1 to 5, wherel indicatedlow comfortand5
indicatedhigh comfort.

Eachfunction shavn in the middle part of the experi-
mentinvolved viewing two screens.The rst screendis-
playedthe sourcecode of the function. Participantswere
asled to spendoneto two minutesreadingthe code and
not to write anything down regardingthe code. The sec-
ond screenshawn in Figure 2, asked subjectsto describe
the purposeof the function andto ratetheir con dencein
their understandingf the sourcecode. Thesetwo pieces



SingleLetter Variant

void fXX(bool pn[ ], int )
f
int i, f, p;
pn[0] = false;
pn[l] = false;
for (i =2; i <[ i++)
pnli] = true;

for (p =2, p<1 p+t)

it (pn[p])
for (f =p; f * p < f+4)
pn[f * p] = false;
g
Abbreviatted Variant

void fXX(bool
f
int idx, fac, pri

isPriNum[ ], int len)

isPriNum[0] = false;
isPriNum[1] = false;
for (idx = 2; idx < len; idx++)
isPriNuml[idx] = ftrue;
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 numbers.

of informationwere usedasthe comprehensiomeasures.
(As anaside this con denceratingwasmisinterpretedy a
few subjectswho wrote “l don't know” asthe description
andgaveit acon denceof 5, indicatingthey werevery sure
they did notknow whatthe codedid; however, mosttreated
their con denceasintended.)

To ensurethateachparticipantsav an evendistribution
of the threedifferentvariantsand to ensurethat for each
guestion,eachvariant of the codewas seenby a similar
numberof participantsthe sequencef variantsshovn was
randomly taken from three possiblesequences.The se-
guenceswere createdusing Latin Squaresto ensurethat
eachsubjectencounteredn equalnumberof eachtype of
guestionin abalancedashion.Fromthedatacollected the
actualnumberof response$or eachvariantwas 357, 364,
and366,whichindicatesthatgoodbalancenvasachieved.

The nal screenseenonly by subjectswho completed
all twelve questiongrovide spacdor free-formcomments.
Participantsvolunteeredsuchinformation astheir opinion
of particularquestionstheir frustrationwith the choiceof
identi er names,and the amountof time that haspassed
sincethey last hadto readcode. One subjectobsened,
“Nice surwy. Programsareindeedinherentlyunintelligi-
ble especiallyfor the unexperiencedye’”

2.3 SubjectDemographics

The subjectswho participatedn this studyinclude un-
demgraduateand alumni of Loyola College (a corvenience
sample).In addition,email requestsvere sentto otherin-
stitutions' alumni, professionafroups.etc. In all 128 par
ticipantsansweredt leastone question. Sixty-four others

lled in only the demographidénformation. About 25 per
centof theparticipantsanbecateyorizedasstudentdased
onthenumberof yearsof computerscienceschooling.The
averageageof the participantavas30yearswith astandard
deviation of 11. The averagenumberof yearsworked was
7.5with a standardieviation of 8.8. Tenpercenbof the par
ticipantswerefemale.Finally, theaveragecomfortsubjects
reportedfor C, C++,andJavaonascaleof 1to 5, were3.3,
3.4,and3.6,respectiely.

The numberof subjectshatdid not completethe study
known as drop-outs,is depictedin Figure 3. The gure
reportsthe numberof participantsthat stoppedafter each
guestion Eighty of the128participantr 62.5%,answered
all twelve questions.As seenin the gure, all but oneper
sondroppedoutin the rst half of the study

Giventhatthefunctionswereshavnin sameorderfor all
participantsmoresubjectsvaluatecthe rst functionthan
thelastone. It is likely that fatigueplayeda partin drop-
ping out. Onesubjectcommentean fatiguemultiple times
whendescribinghe purposeof thefunctions.Otherfactors
thatmay have leadto droppingout includethe unexpected
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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.
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Figure 3. The drop-out rate reported as the
number of participants that left the study after
completing a particular question.

dif culty andthe amountof time requiredto completethe
study

2.4 Data Preparation

Thedatapreparatiorinvolvedthreeprimary steps First,
two non-numeriozaluesfrom the demographiénformation
wherereplaceby approximatenumericvalues. Thesetwo
werethe age“40+” which wasreplacedoy 45 andthe age
“old” which wasreplacedby 60. Both replacementsvere
basedon the professionand the numberof yearsof work
experience.

Secondthe dataassociatedvith timesthat seemedin-
usuallyshortor longwereexamined.Most of theextremely
shorttimes (lessthan 10 milli-seconds)camefrom prob-
lemsin the interface. In thesecaseswhich numbereds,
theentirequestionwvasdiscardedor thatparticularsubject.
Consideringshorttimes also uncoveredthat two subjects
who quit the study and then startedover at a later time.
Sincethey closedtheir browset they beganwith the rst
guestionagainandthus, could answerthe questionswith-
out rst analyzingthe code. In thesecasesthe secondre-

sponsedgo the functionswerediscardedcandthe remaining
responseweremeigedinto asinglerecord.

Longtimeswereobsenedon bothscreenandappeared
to indicate somekind of distractionoccurring (e.g., one
subjectreportedthat a phonecall had beentaken). Since
thesetimeswould adwerselyeffect the statistics,suchout-
liersweretreatedasmissingdata,whichis commonin sim-
ilar studies.The statisticalanalysiscanreadily handlethis
missingdata.

Finally, in additionto cleaningthe data, the free-form
descriptionswvere evaluated. Two of the authorsindepen-
dently evaluatedeachresponseon a 0 to 5 scalewith the
following interpretationgor eachnumber:

5 yes

4 mostlyyes
3 halfright

2 mostlyno
1 no

0 omittedanansweror reporteda problemwith
viewing the code

For somefunctions,furtherdirectionswereagreedn such
asfor the binary searchalgorithm,a descriptionwasgiven
a 4 if theword binary wasomittedfrom a descriptionthat
wasotherwisecorrect.

In total, 1087 responsesvere evaluated. The responses
werein randomorderto avoid ary biasby variant. There
wasagreemenbetweerthe raterson 78 percentof there-
sponsesTo obtainameasuref agreemenbetweerthetwo
raters,a statisticwascomputed.Theresultof 0.71indi-
catessubstantiahgreement7].

3 Background

This sectiondescribeghe statisticaltestsusedto ana-
lyze the study responses.As the dataincludesrepeated-



measuresndmissingvalues,dueto participantsnot com-
pletingall twelve questionslinearmixed-efectsregression
models[14] were usedto analyzethe data. Suchmodels
easily accommodateinbalanceddata, and, consequently
areideal for analyzingthe study's results. This statistical
model allows the examinationof importantvariablesthat
areassociatedvith thevariousresponseariables.

The initial modelincludesexplanatoryvariablesand a
number of interactionterms. The interactionterms al-
low the effects of onevariableon the responsevariableto
changedependinguponthe value of 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 cantterms(p > 0:05) yields the -
nal model. Note that somenon-signi cant variablesand
interactionsare retainedto presere a hierarchicalwell-
formulatedmodel[9].

Thestudycompareshethreevariantswithin eachof the
twelve questionsWith threevariantsandtwelve questions,
thirty-six comparisonare made. Computinga standard-
valuefor eachcomparisorandthenusingthe standardtrit-
ical valueincreaseshe overall probability of atypel error.
Thus, a Bonferroni's correctionis madeto the p-valuesto
correctfor this multiple testing. In essenceachp-valueis
multiplied by 36 andtheadjusted-valueis comparedo the
standardsigni cancelevel (0.05)to determinesigni cance.

4 Experimental Results

This sectionexaminesthe resultsof the descriptionrat-
ings andthe participantscon dencein their understanding
of thecodein the context of the study's hypotheses:

Full English-wordidenti ers leadto bettersourcecode
comprehension

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

Gendermlaysarolein con dencebut not comprehen-
sion

A simple comparisornof the averagesfor eachvariant, as
shawvn Table4, shows the expectedtrendfor both descrip-
tion ratingsandcon dence.Thesinglelettervariancehave
considerablelgmalleraverageratingsandcon dencesand
the full word variantshave the best averages. Unfortu-
nately the existenceof interactionbetweermodelparame-
tersmakessimplestatisticaktatementselatingthesevalues
dif cult.

descriptiorrating con dence
variant | sing. abbr full | sing. abbr full
average| 3.10 3.72 391| 3.06 355 364

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

Giventhenumberof explanatoryvariableghatcouldef-
fecttheseresults two differentlinear mixed-efectsregres-
sion modelswere usedto analyzethe results: one simple
andonecomple. The simplemodelincludesonly the ef-
fectsfor questiomandvariantaswell astheir interaction.It
is usedto getaninitial impressionof the data. The more
complex modelis then usedto assesshe effects of addi-
tional explanatoryvariablesontheresponseariables.

4.1 Description Ratings

The simplemodelfor descriptionratingsexamineshow
guestion variant, and their interaction, hereafterdenoted
guestion*variant affect the descriptionrating. Mixed ef-
fects analysisshaws that all threevariablesare important
to the descriptionrating. The p-valuefor the interactionis
< 0.0001.Consequentlytheeffect of variantontheratings
of thedescriptiongliffersamongthe questions.

Giventhattheinteractionis signi cant, notrendscanbe
discussedor variant or questionindependently Figure 4
depictsthe interaction. First, notice that the single letter
line is generallybelon the othertwo lines. The only excep-
tion is Question9, quick sort. It may be that this is such
awell studiedalgorithmthatthe structureof the codewas
sufcient to determindts purpose.

The three questionswhere circles appearin Figure 4
shaw signi cant differencegtheotherquestionglid not ex-
hibit signi cant differences).Whenmorethanonevariant
occursin the samecircle, it meansthat thereis no statis-
tical differencebetweenthosevariants. In all threecases,
it shavs that full word identi ers leadto signi cantly bet-
ter descriptionratingsthansingle letter identi ers. In two
cases,abbreviation identi ers lead to signi cantly better
ratingsthanthesingleletters.Thereis neverastatisticaldif-
ferencebetweerfull wordsandabbreiations,whichmeans
thatthe subjectsvho viewedthe abbreviationswereableto
getaboutasmuchinformationout of theidenti ers asthose
that viewed the full word identi ers. However, given that
the meanof the full word descriptionratingswere gener
ally higherthanthe abbreiations, it is possiblethat with
a larger samplesize the differencebetweenfull word and
abbreviation would be statisticallysigni cant.

One nal interestingobsenation that comesfrom this
modelis thattwo of thethreequestionghatshovedsignif-
icant differenceswere snippetswhereasonly onewas an
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Figure 4. The plot shows the mean ratings
based on question and variant, which illus-
trates the interaction between these two vari-
ables. The circles indicate where signi cant

diff erences occur. If two variants are in the
same circle, there is no signi cant diff erence
between the variants. The plot shows that
signi cant  diff erences occurred in questions
5, 6, and 8. In all other questions where no
circles are present, no signi cant diff erences
were obser ved between the three variants.

algorithm.Theonealgorithm,Question8, wasSieve of Er-
atostheneswhich determinesvhethera 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, the variablewasrenamedo isPriNum , which along
with the structureof the codeand otheridenti ers leadto
a meandescriptionrating of about4.5. In the singleletter
variant, the variablewas namedpn, which did not enable
asmary subjectdo identify the codecorrectly Whencon-
sideringthe snippetquestionstheseshouldbe more simi-
lar to the kind of codean engineemwould encountemwhen
consideringa system. In this case,a third of the snippet
guestionsshawv signi cant improvementin descriptionrat-
ing whenfull wordsareusedfor identi ers ratherthansin-
gleletters.It canbe concludedhattheidenti er namedor
non-algorithmgs moreimportantthanfor algorithms.

The secondmodelincludesthe demographicdatacol-
lected, the time spentanalyzingthe codeand writing the
descriptionsyariant, and questioncharacteristicén place
of the questionnumber The modelalsoincludesall inter
actionsamongthesevariables.The questionsaredescribed
using the following attributes: code type (whethersnip-
petor algorithm),numberof identi ers in the code(identi-
er s), numberof identi ers squaredidenti ers?), andlines
of code.

In termsof demographiénformation,thereweresignif-
icantinteractionsbetweergenderandvariant (p = 0.0062)

Figure 5. The plot shows the mean ratings
based on genderand variant, whic h illustrates
the interaction between these two variables.
The circles indicate where signicant diff er-
ences occur. If two variants are in the same
circle, there is no signicant diff erence be-
tween the variants.

and betweenhigh comfortin multiple programminglan-
guagesandvariant (p = 0.0106). The gender*variantin-

teractionshawvn in Figure5 revealsthatmenproducedet-
ter descriptiondor the full word variant,while for women
therewas no differencebetweenfull wordsand abbrevia-

tions. Also, the meanscorefor men on the single letter
variantwas 0.75 higherthan for women. This may indi-

catethat informative identi er namesare more important
for womenthanfor men;but thatwomencomprehendnore
from abbreviationsthanmendo.

In this study a high comfortwasequatedvith a subject
indicatinga comfortlevel of 4 or 5 in two of thethreepro-
gramminglanguagesisked aboutin the demographicsec-
tion. For the high-comfort*variantinteraction participants
aredividedinto groupsbasedn comfort After doingso, it
canbeseenthatvarianthasa muchgreateimpactonthose
thathave lessexpertise.With full word identi ers, thereis
only abouta 0.1 differencein the meandor the description
rating,wherethe expertshave a theslight edgeasshovn in
Figure6. Whenconsideringhe differencein meandor ab-
breviations,the gapgrows to about0.3. In the singleword
variant,the gapis morethan0.6. Althoughbothgroupsget
the mostout of full words, this addedinformationis more
importantto thelessexperiencegrogrammerFigure6 also
revealsthat for both groupsof subjectsthereis no signif-
icant differencebetweenfull wordsandabbreiations,but
both variantsare signi cantly betterthanthe single letter
variant.

In termsof questioncharacteristicsall four characteris-
tics aresigni cant variablesn thedescriptionrating. Code
type having p-value< 0:0001 revealsthatalgorithmshad
higher descriptionratings. This could be becausealgo-



Figure 6. The plot shows the mean ratings
based on comfortand variant, whic h illustrates
the interaction between these two variables.
The circles indicate where signicant diff er-
ences occur. If two variants are in the same
circle, there is no signicant diff erence be-
tween the variants.

rithms have well known names;thus, it is easierfor the
subjectgo describehem,or becausenostparticipantshad
seerthembefore thecodewaseasieto identify. Themodel
shaws that descriptionrating increaseswith the lines of
code,indicatingthatmorecodeimprovescomprehensiorat
leastwhenlinesof codearein therangeof 8t0 36. Thelines
of codés p-valuewas0.0013.Thevariablesdenti ers, and
identi ers’ were also signi cant as well as their interac-
tionswith variant Theinteractionsdenti ers*variantand
identi ers®*variant both had p-valuesof 0.0001. From a
plot shaving theseeffects,theoptimalnumberof identi ers
for full wordsandabbreviationshoversaround5. Function
ratings with greateror fewer identi ers continuouslyde-
cline asthedistancefrom 5 grows. The singlelettervariant
hasa differentbehaior, with descriptionrating decreasing
asthe numberof variablesincrease.Giventhatthe 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 effectis complex. When
aplot of theratingsvs. time on the secondscreenwasex-
amined,t wasnoticedthatinitially thereis arapidincrease
in theratings. At about16,000milli-seconds(16 seconds),
theratingslevel off andthereaftetendto graduallydecline
with increasingime. To accounffor this pattern,anindica-
tor variableis de ned thatis 0 before16,000and1 there-
after This allows the associatiorbetweenrating andtime
to be differentbeforeandafter 16,000ms. The modelcon-
tains this indicator variable, the variableln time , andthe
interactionbetweerntheindicatorvariableandin time .

Eachof thesetermsis statisticallysigni cant in the nal
model. Usingthe parameterérom the tted model,there-

sultsshawv the samesharpincreasen ratingsfollowedby a
gradualdecline. This behaior canbe accountedor by the
fact that somesubjectssimply clicked on their (low) con-
dence and continuedon to the next question. For those
subjectgthat attemptedo describethe function, thosethat
understoodhe code createdthe descriptionmore quickly
thanthosethatdid not.

Thereweretwo othersigni cant variablesin thismodel.
Onewasthecon dencesubjectshadin their understanding
of the codewith a p-value< 0.0001.This shovedthatde-
scriptionratingincreasedvith con dence Thisis notasur
prising resultsinceboth con denceanddescriptionrating
aremeasure®f comprehensionThe otherwasthe length
of the description,which was calculatedfrom the number
of characterén the description.This variablehada p-value
of 0.0077andshavedthatratingincreasedvith thelength
This indicatesthat subjectswho wrote longerdescriptions
understoodhefunctionbetter

In summary the datasupportsthe hypothesighat sub-
jectswrotethebestdescriptiongor functionswith full word
identi ers. It alsoshavsthatgendeplaysarolein thecom-
prehensiorof codeasdoesprogrammingexpertisewhenit
comedo interpretingabbreviations.In addition,it nds that
5 is an optimal numberof (domaininformation carrying)
identi ers to be consideredtonetime. An interestingside
noteis thatwork experienceandschoolingarenot signi -
cantfactorsfor writing correctdescriptions.

4.2 Condence

Like the simplemodelfor descriptionrating, the simple
modelfor con denceexamineshow question variant, and
their interactionaffect the con dencereportedby the sub-
ject. Con denceis animportantre ection of comprehen-
sionasit reportsthe subjectsbelief in their understanding.
All threevariablesareimportantto themodel. The p-value
for the interactionis 0.0130. Consequentlythe effect of
varianton the ratingsof the descriptiondiffersamongthe
questions.

Theinteractionplot is shavn in Figure7. Subjectggen-
erally hadlesscon dencein their comprehensiomf code
with singlelettersthantheothervariantsandmostoftenthe
highestcon dencecamefrom codewith thefull wordiden-
tiers. However, signi cant differencesonly occurredin
four questionsin thesequestionsthesigni cant difference
camebetweensingle lettersandfull words. It is interest-
ing to notethatthe threequestionswith signi cant differ-
encesin descriptionrating also had signi cant differences
in con dence,which may indicatethatthesetwo response
variablesveremeasuringimilarinformation,namelycom-
prehension.

Theexpandednodelfor con dencebeganwith thesame
explanatoryvariablesasthatfor descriptionrating: the de-



Figure 7. The plot shows mean con dence
values based on question and variant, which
illustrates the interaction between these two
variables. The circles indicate where signi -
cant diff erences occur. If two variants are in
the same circle, there is no signicant diff er-
ence between the variants. The plot shows
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.

mographiadata thetime spentanalyzingthe codeandwrit-

ing the descriptionsvariant, and questioncharacteristics.

However, this modelfounddifferentsigni cant variables.

In termsof demographidnformation, signi cant vari-
ablesarethenumberof yearsworked(p = 0:0138), number
of yearsin school (p < 0:0001), andgender(p = 0:0154).
The datareveal that con dence increasesoth with num-
ber of yeais worked and numberof years in school. Nei-
ther of thesetwo resultsis unexpected.Whenconsidering
gendeyfemalesratetheir con dence0.4 lower thanmales.
This patternhasbeenobsenedbefore[10]. At rst glance,
it may appeartthattherearetoo few femaleparticipantsto
draw suchconclusionshowever, in orderfor a statistical
differentto occur, avery largedifferencemustbe obsened,
makingtheresultnotevorthy.

In termsof questioncharacteristicdwo of thefour char
acteristicsusedwere signi cant: codetype(p = 0:0004)
andnumberof identi ers (p < 0:0001). Linesof codewas
not found to be signi cant. It is obsened that algorithms
leadto highercon denceandmoreidenti ers leadsto lower
con dence. This secondconclusionis ratherunintuitive. It
is dif cult to saywhy thisoccurred.

In termsof time, thetime spentonthe rst screeranalyz-
ing the codeandtime spentonthesecondscreeranswering
the questionswvere both signi cant. However, the relation
is non-linear Con denceincreasesisthetime spenton the
rst screenncreasedrom 0 to about15,000milli-seconds.
After that point con dence slowly decreasess time in-
creases.This indicatesthat thereis an optimal amountof

time that one can spendanalyzingsourcecode and after
thanpoint therearediminishingreturns. The samepattern
occurson the secondscreen;however, the cut-off time is
16,000millisecondsyatherthan15,000.Again, sometime
is necessanbut too muchtime indicatedower con dence.

Two other variable were found to be signi cant: de-
scriptionlength(p = 0:0012 anddescriptionrating (p <
0:000)). Con denceincreasesvith bothincreasedlescrip-
tion lengthanddescriptionrating. Theincreasan descrip-
tion length shaws that subjectswho have moreto sayare
morecon dent. Whenconsideringdescriptionrating, it is
not surprisingthatit is a signi cant factorsincecon dence
is asigni cant factorin thedescriptionratingmodel.

In summary the hypothesisthat con dence correlates
with yearsof experiences supportedoy the data. The hy-
pothesighatgraduategarticipantsdo betterthanthoseyet
to graduateis supportedby the fact that more schooling
leadsto highercon dence.Also, genderdoesplay arolein
con dence,with womengenerallyhaving lower con dence
thanmen.

4.3 Summary of Results

Although descriptionrating and con dence are highly
correlated,the modelsgeneratedor each provide differ-
ent information and insights. For example, work experi-
enceandyearsof schoolingplay a signi cant role in con -
dencebut notin descriptiorrating. Although gendemplays
arolein bothmodelsthatroleis different.In termsof con-
dence, it is shavn thatwomenratetheir con dencelower
than men. However, in termsof descriptionrating, men
performsigni cantly higheronfull wordsthanonabbreia-
tions,whereasthereis no statisticallysigni cant difference
obsenedfor women. Finally, subjectsendto have higher
ratingsandhighercon dencein their ability to understand
algorithmsthanthe snippetsf productioncode.

4.4 Threatsto Validity

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

Externalvalidity, sometimegeferredto asselectionva-
lidity, is thedegreeto whichthe ndings canbegeneralized
to otherorganizationsor settings. In this experiment,se-
lectionbiasis possibleasthe selectedunctionsandpartici-
pantsmaynotberepresentatie of thosein generalthus,re-
sultsfrom theexperimentmaynotapplyin thegeneratase.
Carefulselectionof the functionsmitigatestheimpacttheir
selection. Given the demographiaata, the subjectsseem



fairly representatie of the computersciencecommunityat
large.

Secondis the threatto internal validity: the degreeto
which conclusionscanbe drawvn aboutthe causaleffect of
theexplanatoryariableontheresponseariable.Statistical
associationslo notimply causationThough,giventhe ex-
perimentaketupthatsubjectsareassignedo questionspne
shouldbeableto infer thatdifferencebetweerthequestion
variantsare due to the differenttypesof identi ers. One
threatcomesfrom thelossof participantsn the beginning
of thestudy known asattentioneffects. Giventhatthereare
severalreasongnindividual mayhave discontinuedartic-
ipationin thestudy it is thoughtto be unlikely thattheloss
is systematicallyorrelatedvith conditions.Otherpotential
threatsto internalvalidity, for example,history effectsand
subjectmaturation11] arenonissueggiventheshortdura-
tion of the experiment.Selectioneffectswereaddressetly
gatheringa representatie sampleof programmersandby
choosingfunctionsthat representedarioustypesof code.
Finally, it is possiblethatexposureto earlyquestiondiadan
effect on responseto later questions.No evidenceof this
wasfoundin the participantgesponses.

Constructvalidity assessethe degreeto which the vari-
ablesusedin the study accuratelymeasurethe concepts
they purportto measure. As humanassessmeraf qual-
ity is rathersubjectve, it is possiblethatsomeotheraspect
of the codeassessedffectedparticipants'responsesThe
parallelsbetweenthe modelsfor the descriptionratingand
con dencesuggesthatthisis notaseriousconcern.

Finally, a threatto statisticalconclusionvalidity arises
wheninappropriatestatisticaltestsare usedor when vio-
lations of statisticalassumptionoccur  The modelsap-
plied to this dataareappropriatefor analyzingunbalanced
repeated-measurdata,sothattheconclusionglravn from
the statisticsshouldbe valid.

5 RelatedWork

There is ongoing interestin naming identi ers. Al-
thougheducatord¢endto stressheimportanceo meaning-
ful identi er names this is not universallyvalued. Sneed
obsenes that “in mary legagy systems,proceduresand
dataare namedarbitrarily programmeroften choose
to nameproceduresiftertheir girlfriendsor favorite sports-
men” [12]. However, simply becauseain-informatie iden-
ti ers may exist, doesnot meanthat the codeusingthem
is of goodquality. CaprileandTonellastatethat“identi er
namesareoneof themostimportantsourcef information
aboutprogramentities”[4].

Given the importanceof identi er naming, several re-
searctprojectshave consideredheissueof identi er nam-
ing corventions. Naming corventionsare importantbe-
cause'studiesof how peoplenamethings (in generalnot

justin code)have shavn thatthe probability of having two
peopleapply the samenameto an objectis between7%
and18%,dependingpn the object” [2]. AnquetilandLeth-
bridge [1] de ne what it meansto have a “reliable nam-
ing corvention”. DeissenBck andPizka[5] createaformal
modelfor conceptsandnameswhich is usedto determine
reliable names. Caprileand Tonella[3] usea grammarto
de ne the namingcorventionandusethe grammarto nd
semantianeaningn thewords.In additionto namingcon-
ventions the informativenesf identi ers hasbeenexam-
inedby Takangetal. [13].

Anquetil and Lethbridge hypothesizedhat a “naming
corventionis reliableif thereis anequivalencebetweerthe
nameof the softwareartifactsandthe conceptghey imple-
ment” [1]. This hypothesisvasstudiedthroughthe exam-
ination of recordde nitions. In thelegag/ codethey stud-
ied, it wasevidentthatanamingcorventionexistedbecause
recordswith similar nameshadsimilar elds.

Deissenbck and Pizkacreatea formal modelbasedon
bi-jective mappingsbetweerconceptandnames.Theidea
is thatwithin a given programa conceptshouldalwaysbe
referredto by the samename. They introducean “iden-
ti er dictionary” and provide a tool that will help main-
tain consistenhamingthroughouthelifetime of a software
project[5]. Deissenbck andPizkaarguethatnamingcon-
ventionsare neededo enforceconsisteng andto provide
guidelinesaboutthe mechanicof turninga conceptinto a
name.With suchguidelineshamesshouldcontainenough
informationfor anengineeto comprehendhe precisecon-
cept.

Caprileand Tonellaanalyzefunctionidenti ers by con-
sideringtheir lexical, syntacticalandsemanticabtructure.
They breakidenti ers into word sggmentsandthenusea
grammarto nd semanticmeaningin the words. By fol-
lowing agrammay Caprileand Tonellaanticipatemprove-
mentsin thereadability understandabilitand,moregener
ally, maintainabilityof a program[3].

Othershave attemptedo determineheinformativeness
of identi ersincluding Takangetal. [13]. TheTakangstudy
comparedbbreiatedidenti ers to full-w ordidenti ers and
uncommentedcode to commentedcode. The abbrevia-
tions werecreatedfrom the rst two lettersof the English
word (e.g., CalculateNumericScore wasabbreiated
asCaNuSc). Giventhatit maybedif cult to recognizethe
basewordin theabbreiation,theseabbreviationsaremore
similar to the singleletter identi ers usedin the studyre-
portedin this paper Subjectgfor the studyconsistedf rst
yearstudentsyhich meanghatresultsmaynotbeapplica-
ble to professionalsincenoneparticipatedn the study To
assessnderstandingf thecode multiple choicetestscores
and participants subjectve scoreswere used. The objec-
tive testscoresshavedthatcommentegrogramsaremore
understandabléhan non-commentegbrograms. The sub-



jective scoresshaved that programsthat containfull word
identi ers are more understandabléhanthosewith abbre-
viatedidenti ers; however, nothingcanbe concludedabout
moreinformative abbreviations.Also only asingleprogram
wasusedin theanalysissoit is moredif cult to generalize
theresultsto othertypesof programsn otherdomains.The
studywasunableto shov any improvementfrom both full
word identi ers andcomments.

6 Summary and Future Challenges

The studydescribedn this papershavs thatbettercom-
prehensioris achieved whenfull word identi ers areused
ratherthansingleletteridenti ers asmeasuredy descrip-
tion ratingandcon dencein understandinglt alsoshavs
that in mary casesabbreiations are as useful as the full
word identi ers, althoughthis is moretrue for womenthan
for men. Genderalsoimpactscon dence,wheremengen-
erally reporthighercon dence. In addition, it shovs that
work experienceandeducatiorplay animportantrolein an
engineers con dencein understanding pieceof code,but
not in his ability to write descriptionof what that codeis
accomplishing.

Giventheresultsof thestudy it is clearthattoolsassess-
ing identi er quality needto be ableto make useof abbre-
viations. A key next stepfor suchtoolsis to automatically
associateneaningswith abbreviations. This might be pos-
sible using machinelearningtechniqueq8] to selectkey
componentfrom the documentatiobasedon higherlevel
concepts.
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