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ABSTRACT

Several recent static analysis techniques automate software
understanding activities by extracting textual information
from source code and applying information retrieval models
to the extracted corpora. These source code retrieval tech-
niques show efficacy, but the literature provides no guidance
regarding configuration of their constituent processes. For
example, the literature provides conflicting information re-
garding the benefit of extracting comments and string liter-
als along with identifiers such as method or variable names.
In this paper we present an initial investigation into the
similarities between three source code lexicons described in
the literature: identifiers, comments, and string literals. We
address three research questions using a case study of six
open source Java projects. The results indicate that meth-
ods uniquely contain from 30% to 60% of the projects’ terms,
whereas the comments uniquely contain from 22% to 45%
of the terms. Future work includes analyzing the extent to
which comments and string literals introduce domain terms
rather than non-domain terms.

Categories and Subject Descriptors

D.2.7 [Software Engineering]: Distribution, Maintenance,
and Enhancement—enhancement, restructuring, reverse en-
gineering, and reengineering

General Terms

Documentation, Design

Keywords

Program comprehension, information retrieval, static anal-
ysis, software evolution and maintenance

1. INTRODUCTION

Software evolution is the most costly phase of develop-
ment, contributing up to 80% of total software cost [4, 9].
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Many recent research efforts seek to curb total software cost
by reducing developer effort during software evolution. Par-
tial or full automation of software understanding activities
such as bug localization [18] and feature location [20] is key,
because software understanding activities consume 50% to
90% of developer effort during software evolution [19].

Static analysis techniques can be used to automate soft-
ware evolution tasks. Traditional static analysis techniques
operate on source code models that represent structural in-
formation (e.g., potential calls between methods) or seman-
tic information (e.g., potential paths through a program).
However, some recent static analysis techniques operate on
source code models that represent textual information (e.g.,
method names and comments). These source code retrieval
techniques apply information retrieval (IR) models to cor-
pora built from text embedded in source code.

Figure 1 illustrates the source code retrieval process. Re-
searchers have used this process to investigate the automa-
tion of numerous software understanding activities. How-
ever, while the source code retrieval process shows efficacy,
the effects of varying its subprocesses are not described in
the literature. Consider text extraction, in which we col-
lect the text from which a corpus is built. Some collect
only identifiers (i.e., names of classes, methods, parame-
ters, etc.), whereas others also collect comments or string
literals (hereafter literals). Researchers thus far report only
anecdotal evidence to justify the inclusion/exclusion of com-
ments/literals for a given experiment. For instance, An-
quetil and Lethbridge [5] assume that “comments are obso-
lete and misguiding,” whereas Liu et al. [17] report that “a
significant amount of domain knowledge is embedded in the
comments and identifiers present in source code.”

Given the conflicting reports in the literature, we seek to
discover a metric to help decide which text to collect during
document extraction for a particular software system and
software evolution task. Toward this goal, we present an ini-
tial investigation into the similarities between three distinct
source code lexicons mentioned in the literature: identifiers,
comments, and literals. Quantifying the shared and unique
properties of these lexicons could aid in characterizing the
expected effects of collecting comments or literals. We for-
mulated three research questions to guide our investigation:

RQ1: How similar are the three lexicons?

RQ2: How similar are the lexicons for source code
elements (e.g., classes or methods) to their
corresponding comments and literals?

RQ3: How much wunique information does each
source code element contribute?
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Figure 1: Source Code

In the next section we provide an overview of our ap-
proach. In Section 3 we describe our research method and
report the results of our case study. In Section 4 we review
the research that relates to our work, and finally, in Section 5
we conclude.

2. OVERVIEW

In the case study, we measure the similarities between
identifiers, comments, and literals in source code and ex-
amine the collected metrics to address our three research
questions. To do so, we instantiate the process shown in
Figure 1 as follows.

We extract documents at different levels of granularity to
answer the three research questions. For RQ! we extract
three documents (identifiers, comments, and literals) per
project. For RQ2 we extract three documents (again iden-
tifiers, comments, and literals) for each file, class, method,
and parameter list in each project. Finally, for RQ3, we
extract five documents (class identifiers, method identifiers,
parameter list identifiers, comments, and literals). Note that
for RQ2 and RQ3, we uniquely associate each term instance
with the document representing the immediately containing
source code element. For example, we associate a term in-
stance found in a method with that method’s document, a
term instance found in a class (but not in a method) with
that class’s document, and so on.

For RQ2 and RQ3, we build two variants of each docu-
ment that represents a class or a method. In the non-nested
variant, every class (or method) maps to one document, that
is, if class B is nested within class A, each class maps to a
distinct document, and the document for class A does not
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include the contents of class B. In the nested variant, only a
class in the file scope (or a method in the class scope) maps
to a document, that is, if class B is nested within class A,
we create one document (labeled class A) that includes the
contents of classes A and B.

Before associating a term with a document, we acquire
that term by preprocessing the text extracted from the source
code. The preprocessing steps that we apply are: identifier
separation, in which tokens that follow common coding style
conventions are split (e.g., input_file, inputFile, and Input-
File are each split into two terms), case normalization, in
which each upper case letter is replaced with the lower case
letter, stop word elimination, in which common words such
as English language articles (e.g., “an” or “the”) and pro-
gramming language keywords are removed, and stemming,
in which suffixes are stripped (e.g., “jumper”, “jumping”, and
“jumps” all become “jump”). In addition, we merge adja-
cent comments of the same type (i.e., line or block), remove
comments that contain copyright notices, and associate the
remaining comments with adjacent source code elements.

The resulting documents form a corpus, to which we ap-
ply the vector space model (VSM) using a term frequency
weighting scheme. That is, each document is mapped to
an n-dimensional vector, where n is the number of unique
terms in the corpus. The entry for each term is the num-
ber of times the term appears in the given document. Our
query engine compares documents pairwise (as appropriate
for each particular research question), and because we com-
pare documents (the terms of which have undergone four
preprocessing steps), the query preprocessor is null. We use
cosine similarity, which approaches 1.0 as two documents
become more similar, as the classifier.



Table 1: Open Source Java Projects Examined

Name URL Version NCLOC CLOC Files Classes Methods Terms
Ant ant.apache.org 1.8.1 102K 89K 829 1,244 10,147 13,921
ArgoUML argouml.tigris.org 0.30.2 30K 20K 164 268 4,613 4,272
CAROL carol.objectweb.org 2.0.5 10K 10K 154 188 1,104 2,605
dnsjava dnsjava.org 2.1.1 14K 5K 121 161 1,313 2,402
JDT Core eclipse.org 3.6.1 290K 120K 1,182 1,478 19,152 24,218
jEdit jedit.org 4.3.2 100K 43K 483 1,099 6,560 11,021

We use the VSM and cosine similarity due to their popu-
larity in the literature. In particular, we have identified 30
software maintenance and evolution research papers from
1999 to 2009 that use the VSM, and 26 of those papers use
cosine similarity as the classifier. See, for example, Antoniol
et al. [7], Canfora et al. [10], and Gay et al. [13].

3. CASE STUDY

In this section we describe the case study that we con-
ducted to address our three research questions. We describe
the data examined then the results.

3.1 Data Examined

Table 1 lists information about the six open source Java
projects that form our test suite. For each project we list the
name, version, the approximate number of non-commented
lines of code (NCLOC), the approximate number of com-
mented lines of code (CLOC), the number of files, the num-
ber of classes, the number of methods, and the total number
of terms. We used cloc! version 1.53 to compute NCLOC
and CLOC; note that CLOC includes lines from copyright
notices. We chose the six projects for their variety of size
and domain, and for their frequent use in previous studies.

For Apache Ant we consider only files in the src/main
directory, and for Argo UML we consider only the core model.
For CAROL and dnsjava we consider only files in the src
and org directories, respectively. We consider all Java files
in the JDT Core source tree, but consider only the files in
the jEdit/org directory for jEdit.

3.2 Results

In this section we restate each question and describe the
relevant results.

3.2.1 RQI: How similar are the three lexicons?

To address this research question, we extract three docu-
ments (identifiers, comments, and literals) per project. We
then compute cosine similarities for the following pairs of
lexicons: comment-identifier, identifier-literal, and literal-
comment. Figure 2 illustrates the results. For five of the
projects (for all except dnsjava), the three similarity scores
are within a 0.1 range and the three lexicons are generally
more similar than not. However, for the dnsjava project,
the similarity between literals and identifiers or comments
is much less than for other projects.

The lack of similarity between literals and other terms
in dnsjava could indicate different uses of the literals. Lit-
erals in source code can serve many purposes, including
prompts/dialogs, user error messages, and internal error mes-
sages. Further study of literals, including an analysis of the
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Figure 2: Cosine Similarity for Project Documents

use of domain terms in literals, is needed to understand how
literals in dnsjava differ from those in other projects.

3.2.2 RQ2: How similar are the lexicons for source
code elements to their corresponding comments
and literals?

Again, for classes and methods, we build two variants of
each document: non-nested and nested (see Section 2). For
each of the variants, we compute the average cosine similar-
ity across all instances of a particular source code element.
For example, for each method document, we compute the co-
sine similarity between the identifiers and comments for the
method. Note that a method’s comments include comments
contained in the method and comments that immediately
precede the method. After computing the cosine similarity
for each method, we calculate the average of those values.
Table 2 lists the results. Unlike in the results for RQ1, the
lexicons compared for RQ)2 are more dissimilar than similar.

Because we could not identify any work regarding the af-
fects of building non-nested or nested documents, we tested
the following hypotheses:

HO: There is no difference between the mean
of the average cosine similarities across all
classes in a nested document and the mean
of the average cosine similarities across all
classes in a non-nested document.

H1: There is a statistically significant difference
between the mean of the average cosine sim-
ilarities across all classes in a mested doc-
ument and the mean of the average cosine
stmilarities across all classes in a non-nested
document.



Table 2: Average Cosine Similarity

Vocabulary Ant ArgoUML CAROL dnsjava JDT Core jEdit
File 0.267 0.359 0.168 0.163 0.194 0.233
Class 0.364 0.207 0.308 0.277 0.267 0.174
Nested Class 0.418 0.332 0.330 0.276 0.314 0.307
Method 0.394 0.166 0.331 0.215 0.219 0.274
Nested Method 0.398 0.170 0.334 0.215 0.223 0.281
Parameter List  0.266 0.111 0.210 0.097 0.100 0.121

(a) Comment Lexicon vs. Identifier Lexicon

Vocabulary Ant ArgoUML CAROL dnsjava JDT Core jEdit
File 0.000 0.000 0.000 0.000 0.000 0.000
Class 0.068 0.015 0.035 0.039 0.026 0.024
Nested Class 0.086 0.024 0.040 0.027 0.032 0.048
Method 0.046 0.064 0.072 0.055 0.012 0.070
Nested Method 0.046 0.066 0.070 0.055 0.012 0.071
Parameter List  0.000 0.000 0.000 0.000 0.000 0.000

(b) Literal Lexicon vs.

We computed a paired ¢ test to compare the average cosine
similarity across classes in a nested document to the average
cosine similarity across classes in a non-nested document.
The analysis produced a significant ¢ value (t(11) = 2.6195,
p = .024) with @ = .05, so we reject the null hypothesis
of no difference. We ran the equivalent paired ¢ test for
methods, and the analysis produced a significant ¢ value
(t11) = 2.6149, p = .024). Again, we reject the correspond-
ing null hypothesis of no difference. However, note that the
effect of building nested documents rather than non-nested
documents is trivial.

3.2.3 RQ3: How much unique information does each
source code element contribute?

To gain a deeper understanding of how the terms in the
comment lexicon are related to the identifier and literal lexi-
cons, we measure the percentage of terms that are unique to
the comment lexicon. For example, for Ant’s comment lexi-
con, L, we compute two sets: U, which contains terms that
appear only in the comment lexicon, and A, which contains
terms that appear in the comment lexicon and at least one
other lexicon. Note that L = U U A. If few unique terms
exist, the comments may not be high level enough to con-
tribute meaningful information to the developer. If many
unique terms exist, the comments may contribute new do-
main terms or may be outdated and unclear to the developer.

To complete Figure 3, we computed |U|/|A|* 100 for each
L, a lexicon for one of the six projects. Each value in each
column of the figure represents the percentage of terms in
that lexicon which are not shared with any other lexicon.
We divide the identifier lexicon into lexicons for class identi-
fiers, method identifiers, and parameter list identifiers. We
calculated percentages for both non-nested and nested docu-
ments, but a paired ¢ test confirmed no significant difference.
Thus, we present data for only non-nested documents.

Figure 3 shows that in comment lexicons a significant
number of terms (from 22% to 45%), are unique to the com-
ment lexicon for the given project. For five projects, the
method lexicon uniquely contains the largest percentage of
terms (from 30% to 57%). Overall, the comment lexicon

Identifier Lexicon

contains the second largest percentage of unique terms, and
the literal lexicon the third largest (from 6% to 20%).

4. RELATED WORK

The combination of the VSM and cosine similarity has
been used to help automate software evolution tasks, includ-
ing traceability tasks [1], localization tasks [22], and clone
detection [21]. Moreover, properties of source code lexicons
have been studied in the context of software component re-
trieval [16], program comprehension [2, 6, 11], and quality
assessment [3, 15]. The works on program comprehension
and quality assessment are most related to our own, be-
cause we are interested in how comments and literals affect
models built to address these issues.

Abebe et al. [2] present the work most related to ours,
a study of the evolution of the source code lexicons for
two evolving software projects. They partition each source
code lexicon into five sub-vocabularies: class name, attribute
name, function name, parameter name, and comment. Next,
Abebe et al. analyze the vocabularies to understand how the
source code lexicon evolves in an evolving software project.
They note that lexicon size and system size tend to evolve
in parallel, that the class name vocabulary has the most
terms in common with other vocabularies, that the com-
ment vocabulary tends not to reflect changes to the name
vocabularies, that new names introduce few terms into the
vocabulary, and that frequent terms are associated with do-
main concepts.

Haiduc and Marcus [14] report the results of a study in
which they investigate the provenance of domain terms in
source code, focusing on the identifier and comment lexicons.
Haiduc and Marcus report that across their test cases, 23%
of the domain terms in the source code are unique to the
comment lexicon, but only 11% of the domain terms are
unique to the identifier lexicon.

Anquetil and Lethbridge [6] seek to define a reliable nam-
ing convention for identifiers in legacy software systems.
Similarly, Caprile and Tonella [11] aim to improve program
comprehension by restructuring program identifiers. They
study the use of a standard lexicon and a standard syntax
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for identifier structures, using a dictionary-based tool to re-
structure program identifiers.

Lawrie et al. [15] develop a tool that considers identifiers
and related comments when estimating quality attributes
for a given software project. The tool considers the corre-
spondence of comments and code when creating its quality
estimate. In similar work Abebe et al. [3] define and detect
lexicon bad smells. They develop a tool and describe the
results of detecting five different kinds of bad lexical smells.
Further, they note that views on what constitutes a lexical
bad smell may differ between developers.

Antoniol et al. [8] report the results of a study on the
stability of the source code lexicon in comparison to the
stability of the source code structure and the frequency of
changes to source code elements. The results show that
the stability of the lexicon is more stable than changes to
structure, that changes to the lexicon were rare during the
evolution of a software system, and that the lexicon is found
to be more critical to the correspondence between the system
and its domain. Antoniol et al. note that the lack of changes
may be due to lack of tools, a reluctance of developers to
change their mental model, or careful domain analysis.

Fluri et al. [12] study the correlation between comments
and changes in source code for three Java projects. Their
goals are to determine what types of entities are commented,
whether the ratio between source code and comments re-
mains stable, and whether the comments are kept up-to-
date. They state that the entity types most often com-
mented are declarations, control and loop structures, special
method calls, and variable declarations. Fluri et al. report
that for two of the projects, comment changes are triggered
by source code changes less than 50% of the time, and that
for all three projects, 97% of comment changes occur in the
same revision as the source code changes.

S. CONCLUSION

Source code retrieval techniques are often used to auto-
mate software maintenance and evolution tasks. Some re-
searchers describe comments as a valuable source of domain

knowledge [17], whereas others describe comments as too
outdated to be of any use [5]. No metric exists to determine
whether to include or exclude comments, so the decision is
often based on their own experience or on the experience
of previous researchers. In this paper we described a study
toward the goal of discovering a metric to help decide which
text to collect during document extraction for a particular
software system and evolution task.

In our study we investigated the similarities between three
distinct source code lexicons mentioned in the literature:
identifiers, comments, and literals. We studied six open
source Java projects and addressed three research questions.
With RQ1 we sought to quantify the similarity between a
project’s comment lexicon and its identifier lexicon (and to
quantify the similarities between the identifier/literal lex-
icons and the literal/comment lexicons). For five of the
projects, we found that the three similarity scores were within
a 0.1 range and that the three lexicons were more similar
than not. Future work includes expanding this experiment
to compute these similarities for additional Java projects, as
well as for projects in other languages. In addition, we want
to perform a study similar to that of Haiduc and Marcus [14]
to investigate the overlap of domain terms between the com-
ment/identifier lexicons, the identifier/literal lexicons, and
the literal/comment lexicons.

With RQ2 we sought to measure the similarity between
the identifier and comment lexicons for particular source
code elements, including the class, method, and parameter
list. We found low (less than 0.420) average cosine similarity
for all source code elements across all projects. Moreover,
we sought to discover whether a difference exists between
the mean of the average cosine similarities across all classes
in a nested document and the mean of the average cosine
similarities across all classes in a non-nested document. We
found that a statistically significant, though trivial, differ-
ence exists for the projects in our study. Again, future work
includes expanding this experiment.

For RQ3 we investigated the percentages of unique terms
in several lexicons, including comment, literal, class iden-
tifier, method identifier, and parameter list identifier. We



found that the method identifier lexicon (which includes
things such as the method name, local variable names, and
the names of called methods), contains the largest percent-
age of unique terms, followed by comments and literals.
Though this result is not surprising, we did not expect the
difference between method identifiers and comments to be
so small (roughly, less than 10% on average).

Finally, additional future work includes analyzing the ex-
tent to which comments and string literals introduce domain
terms rather than non-domain terms. This comparison is
distinct from that of Haiduc and Marcus [14] in that we want
to measure the relative impact of including comments in
extracted documents on domain versus non-domain terms.
That is, we want to know the extent to which the comment
lexicon emphasizes individual terms in the identifier lexi-
con and whether those emphasized terms are domain terms
or non-domain terms, whereas Haiduc and Marcus studied
only the (boolean) overlap between the domain terms in the
comment and identifier lexicons.
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