How Well Do Search Engines Support Code
Retrieval on the Web?

SUSAN ELLIOTT SIM

University of California, Irvine

MEDHA UMARJI

University of Maryland, Baltimore County

SUKANYA RATANOTAYANON and CRISTINA V. LOPES
University of California, Irvine

Software developers search the web for various kinds of source code for diverse reasons. In a
previous study, we found that searches varied along two dimensions: the size of the search target
(e.g., block, subsystem, or system) and the motivation for the search (e.g., reference example or
as-is reuse). Would each of these kinds of searches require different technological solutions? To
answer this question, we conducted an experiment with 36 participants to evaluate three diverse
approaches (general purpose information retrieval, source code search, and component reuse), as
represented by five web sites (Google, Koders, Krugle, Google Code Search, and SourceForge).
The independent variables were search engine, size of search target, and motivation for search. The
dependent variable was the participants judgement of the relevance of the first ten hits. We found
that it was easier to find reference examples than components for as-is reuse and that participants
obtained the best results using a general-purpose information retrieval site. However, we also
found an interaction effect: code-specific search engines worked better in searches for subsystems,
but Google worked better on searches for blocks. These results can be used to guide the creation
of new tools for retrieving source code from the web.

Categories and Subject Descriptors: D.2.3 [Software]: Coding Tools and Techniques; D.2.13 [Software]: Reusable
Software; H.3 [Information Systems]: Information Storage and Retrieval; H.5 [Information Systems]: Infor-
mation Interfaces and Presentation

General Terms: Design, Human Factors, Languages
Additional Key Words and Phrases: Empirical study, open source, opportunistic development,
search archetypes

This research was supported by a Collaborative Research Initiation Award from the Donald Bren School of Infor-
mation and Computer Sciences. Authors’ addresses: S.E. Sim, S. Ratanotayanon, and C.V. Lopes, Department of
Informatics, Donald Bren School of Information and Computer Sciences, University of California, Irvine, 5019
Donald Bren Hall, Irvine, CA, 92697. M. Umarji, Department of Information Systems, University of Maryland,
Baltimore County, 1000 Hilltop Circle, ITE Building, Suite 404, Baltimore, MD, 21250.

Permission to make digital/hard copy of all or part of this material without fee for personal or classroom use
provided that the copies are not made or distributed for profit or commercial advantage, the ACM copyright/server
notice, the title of the publication, and its date appear, and notice is given that copying is by permission of the
ACM, Inc. To copy otherwise, to republish, to post on servers, or to redistribute to lists requires prior specific
permission and/or a fee.

© 2009 ACM 0000-0000/2009/0000-0001 $5.00

ACM Journal Name, Vol. 0, No. 0, 00 2009, Pages 1-022.



2 . S.E.Simet al.

1. INTRODUCTION

As the quantity and quality of open source software increases, an approach to software
development that takes existing components and combines them becomes a viable and
competitive way to do business. “Opportunistic” or “pragmatic” reuse is the unplanned, ad
hoc use of existing source code that was not specially packaged for reuse [Hartmann et al.
2006; Holmes and Walker 2007]. It often involves modification of the code being reused, or
creation of wrappers or glue code. These practices represent a departure from traditional
software reuse, which tends to focus on reusing components without modification. The
success of an opportunistic software development approach on a project depends in part on
finding what is out there [Hartmann et al. 2006].

Software developers search for source code on the web for a variety of reasons. A
special issue of IEEE Software on how open source is affecting software development
gave a number of case studies [Spinellis and Szyperski 2004]. In addition, we identified a
series of archetypes in a previous study for the types of searches that software developers
carry out [Umarji et al. 2008]. We found that there were two major search motivations;
participants tended to search for either a piece of code that could be reused as-is in a
project, or for a reference example that could be consulted for information. The size of
search targets varied, ranging from a block (e.g., a few lines of code) to a subsystem (e.g.,
an algorithm or data structure) to an entire system (e.g., a text search engine).

These results led us to the insight that “searching for source code on the web” included
a wide range of behavior. Furthermore, the different kinds of searches required different
kinds of tool support. In some cases, the participants were looking for information, which
would suggest that tools from textual information retrieval could be used. In other cases,
participants were looking for a software artifact, which would suggest that code-specific
search tools, such as those found in integrated development environments (IDEs), and
software reuse could be applied.

The question arises: how well do different search technologies meet the needs of soft-
ware developers when retrieving code from the web? While there have been many studies
of user behavior in information retrieval and the practice of open source, the behavior of
developers who search for source code is a relatively unexplored area.

To further understand source code retrieval, we designed a laboratory experiment to
evaluate the effectiveness of different technological approaches to web-based code re-
trieval. Our study seeks to understand how well participants can use the tools to find
code, rather than the performance of tools under optimal circumstances. The tool design-
ers themselves usually do the latter kind of evaluation when they publish their research.
We created scenarios based on the results from our previous study [Umarji et al. 2008],
and chose to vary both the motivation for the search (as-is reuse or reference example)
and the size of the search target (block or subsystem). We used five search engines in our
study. One was designed for information retrieval (Google), three were web sites designed
to search for source code (Koders', Kruglez, and Google Code Search?®), and the last was a
project hosting site (SourceForge*). We selected these sites because they were mentioned
by participants in the previous study and because they represented different technological

Lhttp://www.koders.com/
2http://www.krugle.com/
Shttp://www.google.com/codesearch
4http://sourceforge.net/
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approaches from textual information retrieval, source code searching, and software reuse.

Thirty-six participants were each assigned a scenario and asked to conduct the search on
the five search engines. The participants were selected to be representative of the software
developers in general in terms of experience with code-specific search engines and we did
not provide training on the search engines used in the study. The subjects were asked
to judge the relevance of the first ten matches returned (denoted as P@10). We found
two statistically significant main effects and one interaction effect. Searches for reference
examples produced more matches that were judged relevant (p < 0.05) than searching for
as-is reuse. Google produced more relevant hits than the other search sites (p < 0.01).
However, Koders and Krugle were more likely to produce more relevant hits on searches
for subsystems, while Google was better when searching for blocks (p < 0.01).

To sum up, it is easier to find reference examples than components for as-is reuse.
Google performed better overall than the other search engines, but Koders and Krugle
performed better when searching for subsystems. The motivation behind the search did
not have a statistically significant effect in this study.

Looking at the reasons behind these results, we noticed that searching the web for code
was not a single, universal phenomenon. It is, in fact, a variety of activities that appear
to be superficially similar, but are qualitatively distinct from each other. When designing
tools for code retrieval, one must be clear about what kind of search is being addressed.
Stating one’s goals and the use cases for a tool up front permits alternatives to be compared
more easily.

The remainder of this paper is organized as follows. We summarize the results of our
previous study in Section 2. In Section 3, we review related work on source code searching,
information retrieval, and software reuse. Our experiment and results are described in
Sections 4 and 5. In Section 6, we discuss implications of our results for tool design
and give a critique of a number of existing tools for code search. We present concluding
remarks in Section 7.

2. MOTIVATION: WEB-BASED CODE SEARCH ARCHETYPES AND TACTICS

The experiment reported in this paper is part of a larger project that seeks to understand
the nature of source code searching on the web and the tools that are used for this purpose.
Code search on the web is an emergent activity, meaning that it has come about through
the confluence of multiple factors, rather than being designed or architected from a model
or grand vision. These factors include technology to search the web, practices surrounding
sharing through web publishing and open source, and economic pressures to respond to
change.

To fully understand an emergent activity, it is necessary to conduct multiple studies using
diverse approaches, and lines of inquiry. Previously, we conducted a web-based survey to
collect data on a range of source code searching behaviors [Umarji et al. 2008]. From this
study, we learned about the kinds of source code that programmers search for and the tools
that they used accomplish the task. In this section, we review the results from the survey
that informed the design of the new experiment.

2.1 Search Archetypes

An archetype is a concept from literary theory to describe recurring story lines or themes.
We use archetypes here as an analytical device to collect up similar searches. We found
that there were two major and one minor archetypes for searches.
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The two major archetypes represent endpoints on a continuum representing the motiva-
tion behind the search. At one end of the spectrum are searches for code to reuse as-is and
at the other end are searches for code to use as reference examples. The points along the
motivation continuum are distinguished by how much the developer is willing to modify
the code that is retrieved. In searches for as-is reuse, the developer does not want to modify
the selected source code at all. In searches for a reference example, the developer does not
use the retrieved code (e.g., through copy and paste,) only the knowledge behind it. In the
middle of the continuum are searches where the intention is not entirely as-is reuse nor
entirely reference examples, but some blend of the two. Finally, a search may start at one
end of the continuum, but then shift towards the other end, depending on how the search
evolves.

Within these two archetypes, the size of the search target varied. The size dimension
is also a continuum and we identified three intervals along this spectrum: “blocks,” “sub-
systems,” or “systems.” A block is a few lines of code, not unlike a basic block in a
compilation unit. It can be as small as a single line, for example containing a call to an
API, or it can be a couple dozen lines, for example, the code for a form in HTML. A sub-
system is larger, typically corresponding to a component or library, usually intended to be
used as part of a project. A subsystem can be as small as a single class, but can be set of
related classes. A system is an entire application, usually intended to be a stand-alone prod-
uct. Both systems and subsystems can ultimately be used by developers as components in
software being developed.

In the example anecdote given below, the motivation or goal was to find a reference
example and the size of search target was a subsystem, because the participant was looking
for a usage example of the SWT, which is a subsystem.

Sometimes I did a source code searching when I don’t know how to use a
class or a library. For an example I didn’t know how to create a window using
SWT class. I did a Google search with the description of what I want to do. 1
decided on the best match based on whether I understand the example code.

Table I summarizes the frequency of searches categorized along these two dimensions.

Major Archetypes
Reuse Reference Examples %ﬁm
Block Code snippets, Lines, block (4) 11
wrappers (7)
ff.:_ Data structures, Implementation
_%' Subsystem algorithms, GUI example, usage 32
2 widgets (21) example (11)
System Application (6) Approaches, ideas (2) | 8
Column
Total 34 17 51

Table I.  Frequency of Intentions by Size

The remaining minor archetype collects together searches for information about bugs or
defects. Programmers were looking for confirmation, a patch, or additional information
for a bug that they had found.
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In the new study, we focused on the two major archetypes at the block and subsystem
level. These four intention and size combinations were similar in that they all required
some work or know-how with a search engine to find them. Software developers needed
to find appropriate search terms, filter through matches, expand the set of matches, or all
of these iteratively.

We decided to exclude search targets at the system level and from the minor archetype,
because these searches were qualitatively different from the others. A search for a system
often started with a pointer obtained from a friend, such as the name of a system, e.g.,
Eclipse or Lucene. Once a software developer has a name of a system, it is a simple matter
to type it into a search engine and find a home page. A search for information about defects
relies heavily on having a good description of the bug and skill in navigating web sites for
open source projects. In order to successfully locate the information, the participant would
need to know how to make use of mailing lists, forums, and defect tracking tools.

2.2 Tactics for Searching

Participants used a variety of tools and information sources when they searched for code.
Table II shows the responses to a closed-ended multiple choice question, where partici-
pants were asked to select all that applied. Table III summarizes the tools and information
sources mentioned in the anecdotes. Only specific and explicit references to a web site or
search engine were counted.

Table II.  Reponses to Multiple Choice Question: Which information sources do you use to search for code?

Count
Google, Yahoo!, MSN Search, etc. 60
Domain knowledge 37
Sourceforge.net, freshmeat.net 34
References from peers 30
Mailing lists 16
Code-specific search engines 11

Table III. ~ Search Engines and Site Mentioned in Open-Ended Questions

Count
Google 28
Specific web sites 9
Mailing lists and forums 6
SourceForge 3
Scientific articles 2
Yahoo! 1
Krugle 1
freshmeat.net 1

In the multiple choice question, 60 of the 69 participants said they turned to a general-
purpose search engine. This data is corroborated by the answers given by the participants
in the anecdotes. In the 58 scenarios, Google was mentioned 28 times and Yahoo! was
cited once.

ACM Journal Name, Vol. 0, No. 0, 00 2009.
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The next most common information source was domain knowledge. The name of a
system plus a little context coaxes good results even from search engines not designed
to search source code. Although general-purpose search engines were not designed to be
used with source code, they work well enough because software developers are looking for
functionality, not elements in the source code. In the anecdotes, participants also referred
to specific forms of domain knowledge. Nine reported going directly to a specific web site,
such as archives, repositories, and tutorial sites. Two others used scientific articles (e.g.,
papers from conferences and journals) to help them locate code.

The next category of interest was project hosting sites, with 34 out of 69 respondents
using them for source code search. In the anecdotes, SourceForge was mentioned three
times and freshmeat.net was mentioned once.

Participants also consulted friends or colleagues for suggestion. A recommendation and
a good text search engine is a powerful combination. The recommendation usually names
a system, which can then be used as a search term.

Mailing lists (16 out of 69 responses) also provided good information. In the anecdotes,
participants also mentioned mailing lists or forums six times. On these lists, newsgroups,
and online forums, other programmers talked about source code. Consequently, natural
language vocabulary becomes associated with a particular piece of software by proximity.
Once again, it is a work-around the problem of specifying functionality using code ele-
ments. The natural language search keywords match words in posts on mailing lists, and
these posts in turn lead the programmer to the source code.

Only 11 out of 69 respondents reported using a code-specific search engine. Only one
participant named such a site (Krugle) in their anecdotes. In the comments box at the
end of the survey, a couple were very skeptical of search engines for source code. One
programmer wrote, “In short, I would never rely on a ‘code search engine’. This idea is
just plain silly. Sort of ivory tower. If you want to find something usable you have to look
for ‘people already using it.” ”

Based on these results, we decided to include in our experiment a general-purpose search
engine, a project hosting site, and code-specific search engines. We decided to have multi-
ple examples of the last category, because they were an emerging technology and worthy
of deeper consideration.

3. APPROACHES TO CODE RETRIEVAL

By some estimates, there are billions of lines of code in countless programming languages
available on the web [Deshpande and Riehle 2008]. With this embarrassment of riches,
comes a problem: locating the code that one wants. A natural response is to build a search
engine. If code retrieval on the web is a variation on a well-understood problem, then it is
a problem then can be solved using existing tools. At times, it resembles a problem from
conventional source code searching, software reuse, or information retrieval. But a closer
examination reveals that code retrieval is a strange hybrid of all of these, and will require
new approaches and technology. Some novel approaches to code search on the web will
be critiqued in Section 6, where we discuss the implications of our empirical results.

3.1 Textual Information Retrieval

Textual information retrieval is the discipline of organizing, searching, and presenting
documents from large repositories [Manning et al. 2008]. General-purpose web search
engines, such as Google and Yahoo!, are classic examples of information retrieval sys-
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tems. “Document” is the term applied to records because they typically, but not necessar-
ily, contain text. Searches are generally performed using keywords, a specialized dictio-
nary, and/or Boolean operators. Current research in the area deals with increasingly large
collections of documents by creating more robust infrastructure and better algorithms for
summarizing results and answering questions.

This class of technology was represented in our study by Google. With this web site,
searches can be specified using keywords selected by the user and there are no special
features for code search. Filtering can be achieved by using additional keywords in the
search. Google uses the PageRank algorithm [Langville and Meyer 2006] and other pro-
prietary algorithms to retrieve and order the presentation of documents. Highlighting of
matched search terms is available in the cached version of the document.

3.2 Source Code Searching

Code search is a key part of program comprehension in software development. This prior
work focused on searching within a single integrated development environment (IDE) over
a constrained number of software projects. In an empirical study of software engineering
work practices, Singer et al. [1997] found that searching was the most common activity
for software engineers. They were typically locating a bug or a problem, finding ways to
fix it and then evaluating the impact on other segments. Program comprehension, reuse,
and bug fixing were cited as the chief motivations for source code searching in that study.
A related study on source code searching by Sim, Clarke, and Holt [1998] found that
the search goals cited frequently by developers were code reuse, defect repair, program
understanding, feature addition, and impact analysis. They found that programmers were
most frequently looking for function definitions, variable definitions, all uses of a function
and all uses of a variable.

The recognition that search is powerful and useful has led to advances in code search
tools. Software developers have needed tools to search through source code since the be-
ginning of interactive programming environments. It started with simple keyword search
and when regular expressions were added, it became possible to specify patterns and con-
text [Thompson 1968]. An important improvement was made when search techniques
started using program structure, such as identifiers of variables and functions, directly in
expressing search patterns [Aiken and Murphy 1991; Paul and Prakash 1994]. Another ap-
proach to syntactic search involves processing the program and storing facts in a database
file of entity-relations [Chen et al. 1990; Linton 1984]. Alternatively, the code can be
parsed and transformed into other representations, such as data flow graphs or control flow
graphs, and searches can be performed on those structures [Murphy and Notkin 1996].
While some of these contributions have yet to be widely adopted, searches using regular
expressions and program structure are standard in today’s IDEs.

This class of technology was represented in our study by Koders, Krugle, and the pub-
licly available web version of Google Code Search. The characteristics of these web sites
are summarized in Table IV. The first three rows have been excerpted from Hummel,
Janjic, and Atkinson [Hummel et al. 2008].

3.3 Software Reuse

Software reuse usually means the reuse of code from a library as-is without modification
[Mili et al. 1998; Prieto-Diaz 1991]. In this view, components should be used as black
boxes, that is, to be used without change. Modification is an expensive operation; mak-
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Google Code
Koders Krugle Search SourceForge
z No. of >1 million > 10 million > 10 million 173,065 projects
9 | Indexed Files ’
g| No.of Java 600 000 3.5 million >2.5 million files None
o Files
Keyword and name
Keyword and name R ’
. ) matching in open | Keyword matching
Retrieval matching of codes . .
; source code search |of open source with | Keyword matching
Algorithm from large open .
for technical Web regex support
source hosters
pages
Text keywords and | Text keywords with |Text keywords Text keywords in
regular drop-down menus [regex, and special |standard mode.
2 expressions, plus |for filtering qualifiers in Filtering fields and
5| Specifying [drop-down and standard mode. selection in
'qc: Searches check boxes for Additional fields advanced mode.
w filtering and boxes for
S filtering in
S advanced mode.
[ Regul
egutar Yes No Yes No
Expressions
- o . Plain text on
Matching Syntax recognition | Syntax recognition | Syntax recognition project names and
of source code of source code of source code -
descriptions
By file types, class, |By comments, By patterns in the |By project
method, and source code, name of files and |categories, project
o interface. functions, function |packages. registration date,
Filtering | can limit scope to | calls, and classes. and activity rank.
a project. Can limit scope to
a project.

Table IV. Characteristics of Search Sites

ing non-trivial changes quickly increases the effort of understanding a component and any
savings in effort over implementation from scratch quickly diminishes [Ravichandran and
Rothenberger 2003; Holmes and Walker 2008]. The approach of taking existing compo-
nents and using them on a new software project is not a new one. What is new is the
way in which it is carried out; the quality and quantity of open source code that is avail-
able means that software developers shop first and ask design questions later. Others have
made this same observation and applied their own labels to it. Noble and Biddle [2002]
called it “postmodern programming,” Boehm [2006] used the term “systems of systems,”’
and Carnegie Mellon’s Software Engineering Insitute refers to the phenomenon as “ultra-
large-scale systems” [Northrop et al. 2006].

Research in software reuse is concerned with topics such as design for reuse and making
reusable components easier to find. For instance, in component-based software engineer-
ing (CBSE), reuse is planned and components are created and packaged for that purpose.
Selection of a component is driven by a set of requirements that have been specified in
advance. Work on software reuse repositories has included packaging code into libraries
for reuse, constructing archives of reusable components, and search on those repositories.
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This class of technology was represented in our study by SourceForge (see Table IV.)
The search feature on this web site matches keywords entered by the user to terms on
the home pages of the various projects; the source code on the projects is not searched.
Information on the web pages includes a great deal of metadata, such as the age of the
project, category, license, activity level, popularity, and descriptions of the project.

4. METHOD

In this section, we report on a new study to evaluate the effectiveness of the different
approaches with the goal of improving our understanding of the nature of code retrieval
on the web. In this study, we gave participants a search scenario to perform on five search
engines and asked them to rate the relevance of the first ten hits returned.

4.1 Independent and Dependent Variables

In the experiment, each participant was given a scenario and asked to perform the search
using five different code search engines. We used multiple scenarios to represent four
combinations of the two search archetypes (reuse as-is and reference example) and two
sizes of search targets (block and subsystem).

Across subjects, we used three independent variables in this study: search engine, search
motivation, and size of search target.

Search engine was treated as a within-subjects independent variable with five levels:
Google, Koders, Krugle, Google Code Search (GCS), and Sourceforge. These five were
included because they each represented a class of search engines that were mentioned in
the initial survey. A within-subjects factor allows us to use a subject as his or her own
control, thereby allowing us to partition variation in performance more accurately. In other
words, by using search engine as a within-subjects factor, we are able to factor out some
personal idiosyncrasies when making judgments about relevance of matches and the search
engines.

The two remaining independent variables were between-subjects factors. There were
two levels of the search motivation, corresponding to the two archetypes (reuse as-is and
reference example) that we identified in the first study. There were two levels of the vari-
able size of search target. We decided to focus on block and subsystem, because the search
strategies for these relied less on suggestions from peers. A block is a few lines of code,
similar to a basic block in source code, such as a call to API or a form in HTML. A subsys-
tem could be a GUI widget, library, or data structure. This decision allowed us to make the
experiment self-contained, yet consistent with what we found in our previous study. Also,
by excluding other software developers as an information source, subjects were required
to rely more on features in the search engines.

The dependent variable was the performance of the search engines. We operationalized
this as the precision, of the first ten matches returned, or P@10. Participants were asked
to look at the first ten matches and give a binary relevance judgement. The sum of these
judgements were aggregated and divided by ten, giving a proportion between 0 and 1. If
fewer than ten matches are returned, the denominator is the number of matches returned.

Precision and recall are two widely-used measures from information retrieval for evalu-
ating search engines. However, they are very difficult to calculate on a large set of records,
because it requires an oracle (usually a human) to generate a relevance rating for every
record. Consequently, the P@ 10 metric was developed and it has been found to be an ap-
propriate surrogate because it is predictive of overall search engine effectiveness and users
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rarely go beyond the first ten results [Craswell and Hawking 2004].

Relevance is a measure of whether an information system correctly returns matches that
are “about” a topic. A broader definition is whether the information helps to satisfy a user
need. This concept is widely used and accepted in information retrieval as a means for
evaluating systems [Saracevic 2007a; 2007b]. Due to the nature of this measure, human
judgements are a necessary part of the evaluation process. No general-purpose automated
tools yet exist that can make judgements on the “aboutness.” In some cases, it may be
possible to specify a test case to assess the relevance of source code that can be returned, but
this option would work only in a minority of scenarios. For instance, test cases would be a
poor arbiter of relevance if the motivation was to find a reference example or to learn a new
concept. Consequently, participants are not required to find an authoritative or watertight
correct answer when searching, only to determine whether a match that has been returned
is helpful. To be clear, relevance judgements are made relatively quickly in front of a set
of search results. Determining whether a match is suitable for use in a project is a decision
process that takes a much longer time scale and would involve experimenting with the
matches that were judged to be relevant.

4.2 Creating Scenarios

We used the archetypes from our previous study to create scenarios for evaluating source
code search tools. Whereas archetypes are abstract, scenarios are more concrete and de-
scribe a specific instance of search.

For each of the archetypes, we created one or more scenarios. Since the motivation
and size dimensions are continuous, we needed to choose specific points on the continuum
to represent Reference examples and as-is reuse. In other words, they are discrete repre-
sentations of a continuous value. Both the dimension and the points/intervals on it were
identified by two researchers independently. The same process was used with the sizes of
search targets.

For each of the scenarios that we created, we started from an anecdote reported in the
previous study. We chose one for each archetype. We added the following details to scope
and bound the search: i) goal of search (component or example); ii) size of search target
(block, or subsystem); iii) programming language; iv) motivation for the search; and v) a
situation linking the first four parts. All of this information is necessary to judge the rele-
vance of an item returned by a search engine. Programming language is included because
code in some languages is easier to find than others. For instance, PHP code is easier to
find than C code, because the name of the programming language is a more effective search
term for limiting the number of matches; PHP is a distinctive string, whereas C is a letter
of the alphabet that is ubiquitous in documents. As well, the context affects the usefulness
of items returned, i.e., academic vs. industrial settings, Eclipse plug-ins vs. web sites.

We did not include any identifiers in the scenarios that we created. Over the 57 anecdotes
from the previous study, not a single one of them reported using a variable or function
name as a term in a search, though four of them did use a data type. An example of a usage
scenario is presented below, in which the motivation is as-is reuse and the target size is
subsystem.

You are looking for a parser to parse Apache access logs. This parser should
be written in Python, should be able to parse access logs that are in the Apache
“combined” format, and should be able to generate reports from the parsing
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results. Any of the search results that bring you closer to finding the parser,
such as a parser for the apache “common” log format are relevant. Non-
Python based parsers that do not parse log files are not relevant.

To ensure that the treatment combinations were not biased by the specific stimuli pre-
sented to the participants, we generated multiple scenarios per treatment combination. Two
scenarios were created for each of the two searches for blocks. Three scenarios were cre-
ated to be used in each of the two searches for subsystems; we created more scenarios for
this level of the independent variable to reflect the wider range of searches for subsystems
that we found in our previous study.

We used a Latin square design to assign 36 subjects to the 20 (5x2x2) conditions. Each
participant used all five search engines. Consequently, each combination of motivation and
size was used with nine participants.

4.3 Procedure

The procedure in our study had three stages: training, experiment, and debriefing.

The training stage allowed the participants to become familiar with the experiment set
and task. There was one warm-up task for participants to become accustomed to the think
aloud procedure. In a training task, participants were given a simple scenario, asked to
search for source code, and rate the relevance of the first three matches returned. We
recorded audio, video, and screen activity as they worked.

In the experiment, participants were randomly assigned to a condition that was a combi-
nation of search motivation and size of search target. Participants were given a scenario and
were asked to perform the search using five search engines. The participants were free to
use the search engines in any order they wished, but they were required to use all five. They
were allowed to change and refine their queries as many times as they liked. Once they
arrived at a set of search results that they were satisfied with, they were asked to rate the
relevance of the first ten matches. They were allowed to make any investigations necessary
to inform their subjective judgments. We asked participants to provide P@ 10 judgements,
not because we are interested in combining their subjective opinions to evaluate the search
engines using the collective wisdom of the crowds. Instead, we are interested in their ex-
periences in using the search engines. We expect that these lessons will be applicable to
understanding the appropriateness of different technological approaches to different kinds
of code search.

Finally, the debriefing stage consisted of two questionnaires. The first one asked about
their preferences regarding the search engines that they had used. The second questionnaire
was on their background and code search experience.

4.4 Participants

Thirty-six participants were recruited for this study based on the criteria that they should
have some prior programming experience (either professional or academic). Most of the
participants were graduate students and all had work experience, either in product devel-
opment or industrial research.

The participants were selected to be representative of the broader population of software
developers. We did not deliberately seek out those who had experience with code-specific
search engines, nor did we exclude them. Therefore, their ability to use the search engines
to satisfy an information need can be generalized to other developers.
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The average age of participants was 27 and they had on average 4 years of programming
experience. All had previously searched for source code on the web, had used multiple pro-
gramming languages, and worked with a team. Fifty percent of participants reported that
they had searched for source code “Frequently” and 39% searched for it “Occasionally.”
All the participants had experience with HTML and C programming, 94% with Java, and
83% had worked with C++. Sixty-four percent of the participants cited their primary job
responsibility as “Programming”. The characteristics of the participants are summarized
in Table V below.

Participant | Search the Years of Employment | Participant Search the Years of Current
Web for Code Industry Status Web for Code Industry Employment
Experience Experience Status
1 Frequently 10 Graduate 19 Occasionally 1 Graduate
2 Frequently 6 Graduate 20 Occasionally 1 Graduate
3 Frequently 0 Undergraduate 21 Occasionally 7 Graduate
4 Frequently 5 Graduate 22 Occasionally 5 Graduate
5 Frequently 4 Graduate 23 Occasionally 5 Graduate
6 Frequently 4 Graduate 24 Occasionally 3 Graduate
7 Frequently 5 Graduate 25 Occasionally 8 Graduate
8 Frequently 4 Graduate 26 Occasionally 10 Graduate
9 Frequently 1 Graduate 27 Occasionally 1 Graduate
10 Frequently 4 Graduate 28 Occasionally 1 Graduate
11 Frequently 6 Graduate 29 Occasionally 6 Graduate
12 Frequently 5 Graduate 30 Occasionally 5 Graduate
13 Frequently 3 Graduate 31 Occasionally 3 Industry
14 Frequently 4 Graduate 32 Occasionally 3 Graduate
15 Frequently 5 Graduate 33 Rarely 1.5 Graduate
16 Frequently 7 Graduate 34 Rarely 1.5 Graduate
17 Frequently 4 Graduate 35 Rarely 2 Graduate
18 Frequently 7 Graduate 36 Rarely 3 Graduate

Table V. Characteristics of Participants

4.5 Hypotheses

Our previous study of search behaviors indicated that software developers performed a
variety of searches. We also found that search engines differed widely in their algorithms
and implementations. Given these differences, it was likely that some search engines would
perform better on some search scenarios than other search engines. In other words, we are
predicting an interaction effect between the search engines and the kinds of searches that
are performed. Our hypotheses, and the corresponding null hypotheses, are as follows.

4.5.1 Main Effects. There are three main effects corresponding to the three indepen-
dent variables in the study.
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The first hypothesis pertains to the relationship between the motivation for the search
and the success of the search. We expect searches for reference examples to be more
successful, because the criteria for relevance are more flexible.

Hyy, @ The precision of the first ten matches is higher when searching for reference
examples than for components to be used as-is.

The second hypothesis pertains to the relationship between the size of the search target
and the success of the search. We expect searches for blocks to be more successful, because
there are more blocks of code than subsystems in repositories and on the web.

Hg, : The precision of the first ten matches is higher when searching for blocks than for
subsystems.

The third hypothesis pertains to the relationship between the search engine, i.e., the
technological approach, and the success of the search. Google was frequently used by
participants in our prior study, so we are using popularity as an indicator of quality in
this instance. If Google did not work well enough, or at least better than the alternative,
software developers would not be mentioning it so often in their anecdotes and they would
have found a better alternative.

Hp, : The precision of the first ten matches is higher when using a general-purpose
search engine than the other types of search engines.

4.5.2 Interaction Effects. With the three independent variables, there are four possible
interaction effects. These interaction effects are of interest, because we expect to see the
success of a search to depend on more than one factor.

We draw particular attention to the interaction effect between motivation and the search
engine. In other words, the success of a search with a particular motivation depends on
which search engine is used. We expect that it would be easier to use SourceForge, for ex-
ample, to find subsystems, than the other search engines. Our rationale for this hypothesis
is that searching for subsystems was most similar to the searches performed in software
reuse and that SourceForge, being a representative of software reuse repositories, would be
most compatible.

Hyrg, o The precision of the first ten matches will be higher when using a general-
purpose search engine to search for reference examples, than the other types of search
engines.

5. RESULTS
5.1 Main Effect of Motivation

The ANOVA revealed that there was a main effect from the motivation of the search (F(1,
32) =4.98, p < 0.05). The F statistic is used to test for significance in an Analysis of
Variance. The numbers in the brackets (1, 32) show the degrees of freedom in the statistic.
The p-value for a statistic is an indicator of the likelihood that an effect was detected purely
by chance, which is low in this case. Searches for reference examples had P@10,,,,=0.43,
while searches for components reuse as-is had P@10,,4=0.32, as can be seen in Figure 1.
The partial 772 statistic is a measure the size of the effect, that is, percentage of variance
explained in the dependent variable by a predictor controlling for other predictors An effect
size estimate is a scale-free measure of how large is difference between different conditions
[Kampenes et al. 2007]. For this effect ?=0.38, indicating a medium effect size [Cohen
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Table VI.  ANOVA Results on P@ 10

Between Subjects df Sum of Squares  Mean Sum of Squares  Fvalue p

Size 1 0.002 0.002 0.019 0.890
Motivation 1 0.533 0.533 4.988 0.033 *
Size:Motivation 1 0.014 0.014 0.135 0.716
Residuals 32 3.416 0.107

Within Subjects df Sum of Squares ~ Mean Sum of Squares  Fvalue p

Engine 4 0.980 0.245 4.109 0.0036 **
Size:Engine 4 0.974 0.243 4.080 0.0038 **
Motivation:Engine 4 0.106 0.026 0.443 0.7771
Size:Motivation:Engine 4 0.260 0.065 1.090 0.3644
Residuals 128 7.635 0.060

Significance: * 0.05 ** 0.01

1988], which means that the difference is statistically significant and large enough to be
meaningful. In other words, participants found it easier to locate examples to consult than
code that they could use straight away on a project.

0.700
0.525
0.350

0.175

As-is reuse Reference

Fig. 1. P@10 for Searches with Different Motivations

5.2 Main Effect of Search Engine

In addition, there was a main effect from the search engines (F(4, 25) =4.109, p < 0.01).
The effect size was large with ?=0.7. Looking at the performance of individual search
engines, we can see that Google had P@10,,,=0.50, followed by Koders P@104,,=0.37,
and the remainder clustered around 0.29-0.34, as can be seen in Figure 2a. A post hoc
comparison using Tukey’s Honestly Significant Difference Test [Shavelson 1996] found
no difference between the other search engines.

In the debriefing, participants also stated that they preferred Google. We asked them
to rank the search engines from 1 (high) to 5 (low) in order of their overall preferences,
perceived ease of use, and available features. The participants’ answers are summarized in
Table VII. We found statistically significant differences in overall preference and perceived
ease of use, but not for the available features. In terms of general preference, Google
was the clear winner with a median rank of 1.92, and was statistically significant using
Friedman’s test (x7 = 16.8,p < 0.01). Google was also perceived to be easier to use
(x? = 20.13,p < 0.0001). Interestingly, participants found GCS easier to use than Koders
and Krugle, despite its lower performance on the precision of the searches. SourceForge
also scored lowest on this measure. Participants seemed to like the features in Koders
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[ Subsystem
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Google Koders Krugle GCS SourceForge Google Koders Krugle GCS SourceForge
a) Overall P@10 for Search Engine b) P@10 for Search Engine x Size

Fig. 2. Effect of Search Engines and Interaction Between Search Engine and Size

the best, but the differences between the search en gines were small and not statistically
significant.

Table VII. Mean Rank of Participants Preferences (1 = high, 5 = low)

Preference  Ease of Use  Features
Google 1.92 1.92 3.00
Koders 2.83 3.25 2.54
Krugle 3.17 3.25 2.69
GCS 3.17 2.92 3.15
SourceForge 3.92 3.67 3.63

A reason often given for preferring Google is that this site helped them to learn more
both about the problem they were given and the available solutions. A few other sub-
jects preferred Koders or Krugle, because it provided the best match without extraneous
information.

5.3 Interaction Effect Between Size and Engine

The final statistically significant relationship that we found in the ANOVA was an inter-
action effect between the search engine used and the size of the search target (F(4, 25) =
0.003, p < 0.01). Further examination of the mean P@ 10 values for each of these condi-
tions shows that it is easier to find blocks of code on Google, but that Koders and Krugle
were better for finding subsystems (see Figure 2b). Blocks are a few lines of code, such
as a regular expression to check the format of an email address. A subsystem is larger, for
instance, an XML parser. Here also the effect size was large with 7%2=0.7.

5.4 No Other Significant Effects

We did not find any other statistically significant effects. In particular, we failed to reject
the null hypothesis for size and the interaction effect between motivation and search engine.
We had expected blocks to be easier to find than subsystems, but found no difference. As
well, we had expected there to be an interaction effect between motivation and search
engine, but found no difference.
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5.5 No Order Effect

Nearly half of the participants preferred to use Google first in their searches. We had orig-
inally planned to randomize the order of presentation of the search engines to mitigate
learning effects, but later had to abandon these plans. During pilot testing, we were met
with an extremely high level of resistance from the subjects; multiple subjects simply re-
fused to use the search engines in the order that we requested and insisted on using Google
first. Instead, we presented participants with a list of search engines to use and allowed
them to choose the order. Seventeen out of the 36 participants used Google first; of the re-
mainder, 12 used the search sites in the order they were given on the list, and the rest started
with a site that they were familiar with. In cases when the participants were not familiar
with the programming language or with the problem at hand, they preferred to use Google
first to gain a basic understanding of the scenario. But there is no evidence that Google
raised the P@10 of the search engines used subsequently. The average P@ 10 was slightly
higher for search engines chosen earlier, but an ANOVA revealed that this difference was
not statistically significant. In other words, there did not appear to be a significant learning
effect nor a bias due to order in which the search engines were used.

5.6 Testing Analysis of Variance Assumptions

When performing a statistical analysis of a multi-factorial design, it is necessary to confirm
the homogeneity of variances between conditions, also known as sphericity, to ensure that
the data does not violate one of the underlying assumptions of one the statistical tests. A
sphericity test confirmed the homogeneity of variances between conditions (Mauchly Cri-
terion = 0.690, p > .25, n.s.), which allowed us to proceed with a three-way ANOVA on
the precision of the first ten matches returned, or P@10. We used two between-subjects
factors (size of search target and motivation of the search) and one within-subjects factor
(search engine). The results are shown in Table VI. There were three statistically sig-
nificant effects. Furthermore, post hoc power analysis using G*Power [Faul et al. 2007]
indicated that 5=1, so the likelihood of a Type II error, or false negative, is negligible.

5.7 Query Formulation and Search Process

We performed a number of post hoc analysis on how participants queried and searched.
They were permitted to form their queries and to change them at any time. Overall, they
used on average 2.1 distinct queries with each search engine and these queries had an aver-
age of 4.2 terms (including options entered using GUI widgets.) They tended to use more
queries with the first search engine than later ones, but the only difference that was statisti-
cally significant according to Tukey’s HSD was between the first (3.2) and the final (1.75)
ones. No other pairs of differences were statistically significant and the result is invariant
of the search engine used. In general, they picked keywords from the scenario descrip-
tion, refined them once or twice, and repeated the pattern when working with subsequent
search engines. For example, one participant, who was looking for implementations of
the trie tree data structure on Sourceforge.net, started out with “trie tree data structure.”
This search did not return any matches, so the participant whittled it down to “trie,” which
seemed to work best.

Although the keywords remained stable, the participants did customize them to take
advantage of the features in the various search engines. Over all the queries, 8.7% of them
used Boolean operators and a further 33.6% used other advanced search features, such as
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filters. Also, the number of query refinements was not affected by any of the characteristics
of the assigned scenarios. This finding should be encouraging to search engine builders
because it shows that users are willing to adapt to the available features; however, they
tend not to be willing to find new search terms after identifying an initial set that work well
enough.

Table VIII. ANOVA Results on Clickthrough Percentage
Within Subjects ~ df  Sum of Squares ~ Mean Sum of Squares  Fvalue p

Order 4 0.978 0.245 2.890 0.0267 *
Subject 23 5.980 0.260 3.07 0.0001 **
Residuals 92 7.798 0.085

Significance: * 0.05 ** 0.01

Overall, participants clicked through to view the match page 61.6% of the time. They
tended to click on a larger proportion of the matches when working with the earlier search
engines than the later ones. We found that there was an order effect on the clickthrough
percentage, (F(4, 92) = 2.89, p < 0.05), although there was a larger effect from individual
differences (F(23, 92) = 3.07, p < 0.01). Tukey’s HSD revealed significant differences
between three pairs of searches, indicating the first and third, second and fourth, third and
fifth searches were different from each other.

Table IX. Average Clickthrough Percentage by Order
First Second  Third  Fourth Fifth
652%  71.7%  485% 538%  69.3%

Interestingly, there was a small increase in the clickthrough percentage with the last
search engine used. We suspect this uptick is a search engine effect. Krugle appeared last
on the list that we provided to the participants and used in 79.2% of the sessions. However,
we did not find a statistically significant search engine effect on clickthrough percentage. In
other words, the average clickthrough percentage for Krugle was not significantly different
from the other search engines.

5.8 Threats to Validity and Limitations

Our main threat to the validity is the use of relevance judgements to evaluate search en-
gines. Participants did not always make correct judgements on whether a match was rele-
vant to the scenario that they were given. While observing the experiments, we noticed that
errors were made from time to time. However, the population of users of search engines
out in the world would likely make similar errors. Also, running multiple participants in
each condition allowed us to make inferences about how software developers searched as
a group. The presence of judgment errors also affects the kinds of conclusions that we
can draw about the search engines. Consequently, the P@ 10 metric is more about the
applicability of the different technological approaches than some absolute measure of the
algorithmic capabilities of the different search engines.

A number of tools have been designed specifically to deal with queries that involve
identifier names [Holmes et al. 2005; Sahavechaphan and Claypool 2006; Mandelin et al.
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2005]. However, the scenarios used in our study generally did not make use of the names
of variables, methods, classes, packages. We constructed the scenarios using anecdotes
from our previous study as a starting point and identifiers were not much mentioned by our
participants. Nevertheless, it would be difficult to know how the results would generalize
to these tools, because they were intended to satisfy use cases other than the ones included
in this study.

Another threat to validity is a possible bias in participants in favor of search approaches
that they are familiar with. In our study, we found that a general-purpose search engine had
a higher precision than the others. Participants may have found them easier to use, because
they had greater past experience with them. For example, none of them used the feature in
Koders that allowed them to limit searches to projects. However, the code search engines
that are available on the web are not restricted to trained, expert users, which means our
participants are representative of the general user population in this respect. Furthermore,
participants were very willing to adapt their queries to take advantage of available features.
While we cannot rule out familiarity as a confounding factor, our research design does
allow for a head-to-head comparison of the search approaches.

Using participants with no special training has other possible drawbacks, such as sub-
optimal queries. It is possible that power users who can create more sophisticated queries
that make full use of a search engine’s advanced features would have resulted in different
outcomes in our study.

Assigning specific search scenarios was a necessary part of the experiment procedure,
but introduced a serious confound. Being assigned a search scenario is very different from
coming up with a need on one’s own. With an assigned scenario, there is always some level
of unfamiliarity and in turn a need to learn something about the problem, programming lan-
guage, or any other unknowns. In such situations, participants always turned to Google to
fill in background knowledge. Also, we provided some guidance on how to make relevance
judgements to provide consistent direction for participants to complete their task. We made
these criteria broad (including matches that aided learning), so that participants would have
latitude to judge more matches relevant. Consequently, these stimuli may have biased the
results in favor of a general-purpose search engine. However, learning is an essential part
of opportunistic software development, so this bias should not invalidate the results.

One final limitation of this study is the participants were not required to use the matches
that they had found. As a result, there were no consequences for relevance judgements
that were too liberal or too conservative, or simply based on the incorrect selection criteria.
Requiring them to use the matches to implement or modify some code would have added a
realistic constraint to their judgements. However, volunteers can be generally relied upon
to complete a task to the best of their ability [Rosenthal 1983].

6. DISCUSSION

We rejected the null hypothesis for a motivation effect [, and found that it was easier
to find reference examples. We rejected the null hypothesis for a search engine effect H g,
and found that a general-purpose search engine (Google) performed best overall. We failed
to reject the null hypothesis for a size of search target effect. As well, we rejected the null
hypothesis for an interaction effect between search engine and size of search target Hpg,,
meaning that it was easier to find subsystems using code-specific search engines. Finally,
we failed to reject the null hypothesis for all other interaction effects.
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6.1 The Effect of Motivation

Searching for source code on the web can have different motivations such as learning to
complete a programming task or to advance software development on a project. Much
of the work on software development using open source has been concerned with as-is
reuse of components. While there is no doubt that this occurs frequently, the focus on
as-is reuse has overlooked the use of open source as reference examples and for learning.
Approximately one third of the anecdotes collected in our previous study were searches
for reference examples.

In this experiment, it was easier to find reference examples, likely because the criteria
for judging relevance are more flexible. Code that is close to what the searcher desires is
sufficient. On the other hand, the criteria for judging the relevance of a component to be
used in implementation are more strict. Not only does the functionality need to match, but
also the interfaces, data models, and so forth in order for the component to be compatible.

While there has been significant work on component reuse [Frakes and Kang 2005],
there has been somewhat less work on finding source code examples. Code retrieval on
the web could also be improved through the application of recommender systems [Holmes
and Murphy 2005; Zimmermann et al. 2005]. These tools identify sections of code that
are related to the software developer’s current task. Tools such as Strathcona [Holmes and
Murphy 2005], XSnippet [Sahavechaphan and Claypool 2006], exemplar [Grechanik et al.
2007], and Assieme [Hoffmann et al. 2007] assist developers who are using complex APIs
or frameworks by providing examples of structurally similar source code and examples
of API usage. Source code search for reference examples is a good application for these
tools, because software developers can easily make use of matches that are “good enough”
as reference examples.

We have identified two possible reasons for the relative lack of attention to reference
examples in software development using open source. One, the impact of open source in
the form of components is more visible and longer-lived than when the code is used for
ideas for software design and implementation. A component and its corresponding files
that have been incorporated into a software system are clear evidence of the open source
reuse. In contrast, an idea for software design is much more ephemeral. As Kamp [2004]
pointed out, when a re-implementation occurs, any link to previous work is lost. Two,
reference materials have traditionally been books and other documents. While text books
and reference manuals do contain source code, they rarely spring to mind when in the
context of reuse. But as these resources move onto the web, the web becomes a giant desk
reference that developers use to look up information.

6.2 The Effect of Search Engine

The search engines used in the experiment were representatives of different technologi-
cal approaches to code retrieval on the web. Informational retrieval was represented by
Google. Source code searching was represented by three search engines, Koders, Krugle,
and GCS. These web sites had functionality similar to what one would find in an IDE.
Finally, software reuse repositories were represented by SourceForge.

Overall, Google performed better than the other sites. The remaining search engines
had lower P@ 10 values, but were not significantly different from each other. Considering
the simplicity of the search feature, SourceForge did well to keep up with Koders, Krugle,
and Google Code Search, which were purpose-built tools. There are two possible ways to
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interpret this result, and we feel that there is a grain of truth in both of them.

One interpretation is that there is a stronger affinity between information retrieval ap-
proaches and the problem of searching for source code on the web than the other ap-
proaches. This possible mismatch between code search on the web and code search in
an IDE raises the question of whether software developers are really searching for source
code, per se. In our study, the participants rarely clicked through to the source code. When
looking for examples, developers use the search results to figure out how to do something,
but they are trying not to get bogged down in details and design rationale. Code qual-
ity was not evaluated and searchers make very quick assessments of appropriateness. We
posit that they are looking for a kind of “executable know-how.” By know-how, we mean
the knowledge that is needed to turn abstract principles into concrete solutions. It is the
link between good ideas and usable innovations. Executable know-how gives mastery over
the computer through software. Our comments on this topic are highly speculative, but
point the way to further research. It remains to be seen what factors and presentation cues
searchers use to form their relevance judgements [Xu and Chen 2006].

Another possible interpretation is that more advanced technology from source code
searching and software reuse needs to be applied to code retrieval on the web. Compared
to Google, the remaining search engines have had much less research and development
effort into them. As well, there are many state of the art research results that are relevant,
but have not yet moved out of the laboratory.

A fundamental problem in code search is the mismatch between the language that we
use to formulate and specify searches, and the language in the source code. We tend
to describe functionality using vocabulary from the problem domain, while source code
uses vocabulary fom the solution domain [Fischer et al. 1991]. For example, software
developers are looking for solutions to a problem such as “passing data from Java to CGI”
or functionality that has a property such as “encapsulated within a class.” In the best cases,
the source code contains comments or is embedded in a web page with other text. In such
instances, algorithms that are suitable for use with text, such as PageRank [Langville and
Meyer 2006] and latent semantic indexing [Marcus et al. 2004] work well. However, this
is too often not the case.

Prior work in code reuse has looked at techniques such as specifying the structural prop-
erties of the desired component, using a formal specification [Zaremski and Wing 1997], an
outline [Balmas 1999], a fingerprint [Gil and Maman 2005], or call graph [Thummalapenta
and Xie 2007]. One drawback of these approaches is they have a steep learning curve;
Without an understanding of what these innovative techniques can do for them, developers
are unlikely to put in the time and effort to learn how to use them well. While users are
willing to try out features, they do not always perceive or understand the availability of
functionality. For example, in our study, none of our participants used the project search
feature in Krugle or looked at the project results from Koders. Consequently, search terms
need to be able to span the gap between plain text in natural language and source code in a
programming language.

Work on this problem has proceeded in two directions: more usable precise specifi-
cations and leveraging natural language in search specifications. In CodeGenie, search
specifications are written as test cases and the tool returns slices of code that satisfy the
test cases [Lemos et al. 2007]. Jungloid [Mandelin et al. 2005] accepts code searches that
are specified by the source and destination object type that are needed.
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The approach of including natural language in program analysis seeks to make soft-
ware analysis tools smarter about the concepts embedded in abbreviations and comments
to make relevant sections of code easier to find [Hill et al. 2008]. Tools such as Exem-
plar [Grechanik et al. 2007] and CodeBroker [Ye and Fischer 2002] attempt to improve
code search by indexing the text documents and comments around the source code to aid
identification of functionality and behavior. Our earlier study found that mailing lists were
an important source of information and often provided a good starting point for a more
focused search for source code. A code search engine could easily index these documents
along with code and even add links directly into the source. In information retrieval, al-
gorithms have been developed that do more than return matches; they provide answers to
queries by analyzing and inferring information [Voorhees 2003]. This is a possible direc-
tion for code retrieval on the web.

6.3 The Interaction Between Size and Search Engine

This effect is perhaps the most surprising one to us. We had suspected that there might
be an interaction effect, but not this one. We expected there to be an affinity between the
motivation of the search and kind of search engine, i.e., searches for components to reuse
as-is would be easier using SourceForge, due to its similarity to software reuse retrieval
tools. However, this was not the case.

Instead, we found an interaction effect between the size of the search target and the
search engine. It appears that Google is better for finding blocks, such as a few lines of
code for a widget in JSP, because these searches are particularly hard to specify within
code-specific search engines. Searches tend to be specified largely using natural language
keywords that drew on vocabulary from the problem domain, but the documents are in
a programming language with vocabulary from the solution domain. In the best cases,
source code is accompanied by comments written in a natural language. This mismatch is
most acute when searching for a snippet of a program, when comments are often missing.
In these situations, the search engine must rely on text near the code block to find matches.
Since Google indexes web pages without prejudice, including tutorials, discussion boards,
and mailing lists, it has a better chance of returning relevant matches. For similar reasons,
it is easier to find subsystems, such as a regular expression library or a parsing API, in
Koders and Krugle. The comments that are likely to be found near the code are close to
the keywords used in the search. In other words, the terminology of the problem domain
matches with the terminology of the solution domain.

6.4 Implications for Design

All of the search sites included in the study performed adequately, meaning that partici-
pants were able to use them to complete their assigned tasks. But among these, the highest
P@10 value was only 0.5, meaning that there is room for improvement. In this subsection,
we discussion issues regarding the design of search engines for code on the web.
Documents in the Repository. In creating a repository or index for code search, one
must decide what is considered a document. In information retrieval terms, a document is
a single record or entry in database or corpus. Three possible solutions were included in
our experiment and these were web pages (Google), source code files and projects (code-
specific search engines), and home pages for projects only (SourceForge). These design
solutions represent only a small number of the options out of all the available options
and are biased by their provenances. Google is a search engine for information retrieval.
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“ & binary search imp

// public: .
Googse code Searucbh rysemt ] () s ot e

Code

mozi i I ion.h - 49 identical

50: /+ CBoolExpression —> encapsulates one or more search terms by internally
Fepresenting the sesroh terms and their boolean operators as & binary
expression tree. Each node in the tree consists of eithe

58:  string is used to store the IMAP/NNTP encoding of the search term. This
nmakes evaluating the expression (for offiine) or generating a search
encoding (for online) easier.

fip.mozilla.orgl 1.8a3 tar.bz2 - Mozilla - C++ - More from mozilla-source-1.8a3.tar.bz
mozil I I ion.h - 20 identical
52 rerrasene ot heY semech{emalanalehel fboooanforerstors [eclaYbtaney)

expression tree. Each node in the tree consists of eithe:
(1) a boolean operator and two BT R T T
(2) if the node is a leaf node then it contains a search term.

With each search term that is part of the expression we may also keep

relea: jlla.org/../2.0.0. 0.0.2-source.tar.bz2 - Mozila - C - More from firefox-2.0.0.2-source tarbz2

SOUFCRILI[2 oo P Wk, Guset  Logl

Find Software

Develop | Create Project | Community | Site Support | About enter keyword

Create Accoun

Search results in projects found for "binary search” Search Help
Results 110 of 4006 Display: Details Fiters  View: (10199
Name Relevance | Activity | Rank | Registered | Latest File Downloads
Azureus | Vuze 1314%  9999% 26 20030624  2009.07-09 442,168,891
Vuze (formerly Azureus) is a P2P file sharing client using the bittorrent protocol. Search and download torrent fles. =
Play, convert and transcode videos and music for playing on many devices such as PSP, Tivo, XBox, PS3, iTunes T
(iPhone, iPod, Apple TV). > -

H © Download Now!
Topic: Intenet, File Sharing W

Koders, Krugle, and GCS are scaled up versions of source code analysis and search tools.
SourceForge is a site for hosting open source projects. But there are many more options
that are worthy of exploration that can raise performance overall and for specific kinds of
tasks. Code snippets, tutorial pages, mailing lists and forums, documentation, error mes-
sages, and bug reports are all viable choices as documents or even metadata. A repository
of code snippets could be very helpful for searches for block-sized reference examples.
Alternatively, using mailing lists and forums as metadata for source code can help link
vocabulary from the problem domain to vocabulary from the solution domain. These and
other options should be considered when designing tools for code search on the web.
Specifying Searches. The primary mechanism for specifying searches in all of the tools

Fig. 3. Presentation Formats
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in our experiment was the use of keywords. Additional filters to restrict the search to
particular programming languages or program elements were also available. Participants
readily made use of these features when formulating their queries, which bodes well for the
addition of advanced features. It may seem desirable to have a standard search language or
dictionary of terms, but it remains to be seen whether programmers will embrace them. On
the one hand, we have the example of Structured Query Language (SQL) which has be-
come widely used. On the other hand, there are Boolean operators which are underutilized
in search, even among expert users [Borgman 1996]. Fortunately, software development
generally takes place within an IDE and this environment can also be used to support query
formation. A number of approaches were discussed earlier.

Beyond the issue of syntax is the difficulty of writing a query for information or a re-
source that one does not already have. Furthermore, the queries use vocabulary from the
problem domain, while the results use vocabulary from the solution domain. This mis-
match is a fundamental problem in software development, as evidenced by the difficulty of
moving from requirements to design [Nuseibeh 2001]. We believe bridging this gap will
be challenging, because it involves addressing an essential difficulty in software [Brooks
1987].

Presentation of Results. Once the matches have been identified by the search engine,
they need to be presented to the user. Design decisions must be made regarding both the
ranking and formatting of the results. A common strategy in information retrieval is to
rank higher the documents with more matches to the search keys. But a source file with
the most matches may not be the most desirable. Source code may need to be ranked using
a different metric, such as code quality, popularity, or level of activity.

Results are usually presented with a title and a descriptor, to provide a preview, so the
user can decide whether or not to click through to the matching document. Figure 3 shows
the search engines displaying results for the query “binary search.” Koders and GCS both
use the file name as the title and show a segment of source code. Krugle provides additional
information about the project and license. SourceForge uses the project name as the title
and a project summary as the description. The match includes details such as popularity,
age, and freshness. The first three sites provide links to the file, while SourceForge links
to the project page and to download the executable.

The presentation of results in SourceForge is clearly geared towards helping users find
applications that they can install and use on their computers. It provides little insight into
the source code within these projects. The use cases and information architecture for the
remaining sites are less obvious; they don’t appear to be geared towards as-is reuse or
reference examples. Some of the details shown on the SourceForge results page and other
information such as recommendations and ratings by programmers may be helpful, but
further research is needed.

7. CONCLUSION

Ultra large-scale systems, pragmatic reuse, agile software development, and open source
software are powerful trends shaping the field of software engineering today. Opportunistic
reuse is on the increase in software development, in which developers find and use artifacts
and information that were not created with reuse in mind. Our study is situated at the
juncture of opportunistic software development and source code searching. Consequently,
code retrieval on the web becomes an important element in software development, where
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components and examples from web pages and open source projects are used extensively.
This is the first in-depth study of the phenomenon of code retrieval and its implications for
the development of code search tools. The main contribution of this study is the empirical
results.

The scenarios used as stimuli in the experiment were created using empirical data. In a
previous study [Umarji et al. 2008], we identified common archetypes of searches carried
out by software developers. Few studies that we know of have applied this degree of rigor
in selecting and designing tasks for an empirical study. These scenarios have been tested
and tried. They are also self-contained, which means that other researchers can also use
them in their own empirical studies.

In the study, we obtained three statistically significant results. It was easier to find
reference examples than components for as-is reuse. A general-purpose search engine was
the most effective overall on all tasks. However, code-specific search engines were more
effective when searching for subsystems, such as libraries. More informally, if you were
only allowed to use one search engine, you should choose a general-purpose one, such as
Google. If you could pick and choose depending on task, you should use a code-specific
search engine to find subsystems and a general-purpose search engine for all other searches.

Overall, P@10,,4 ranged from 0.50 to 0.29, indicating that there is room for improve-
ment for code search engines. Some possible directions for this work were suggested by
our data. Approximately one third of the search anecdotes reported in the survey were for
reference examples. These kinds of searches have been largely overlooked by the work on
reuse, which focuses on reuse of components, rather than information. Another stumbling
block for code search is the mismatch between the vocabulary used to specify searches
and the documents returned by the search engine. Functionality, and consequently search
terms, are described using keywords in natural language, whereas source code is written
in a programming language. While both have a grammar that can be leveraged by a search
engine, natural language can only be found in the collateral artifacts around source code,
i.e., comments, documents, and discussion forums. This impedance mismatch needs to be
overcome to improve code retrieval on the web.

This study is an initial investigation on how search engines are used to locate source
code. In addition to the lessons learned about the tools, we gained insights into the search
process and how to better study it. We have a number of studies planned as future work.
We would like to investigate the search process more broadly, starting from when a soft-
ware developer decides to search for source code and concluding with the use a snippet or
component in a programming task.

The contributions of this study can be used to inform the creation of tools to search for
source code on the web. One, we argue that designers of tools should identify what kind of
search they are aiming to support. Being clear about their goals and usage scenarios will
make it easier to evaluate their claims and to compare competing tools. Two, the results
of this study also provide insight into the compatibility of different kinds of technologies
on the problem of code retrieval on the web, in particular, program comprehension, in-
formation retrieval, and software reuse. There are likely many more technologies that are
applicable and we look forward to seeing the research results.
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A. APPENDIX: SCENARIOS USED IN EXPERIMENT
A.1 Scenario 1.

You are looking for a parser to parse Apache access logs. This parser should be written

in Python, should be able to parse access logs that are in the Apache “combined” format,

and should be able to generate reports from the parsing results. Any of the search results

that bring you closer to finding the parser, such as a parser for the apache “common” log

format are relevant. Non-Python based parsers that do not parse log files are not relevant.
Motivation: Component reusable as-is, Target size: Subsystem

A.2 Scenario 2.

Consider that you are creating the front-end for a Java application using the Swing compo-
nent of the Java Foundation Classes. You need a widget that allows you to choose and play
music, i.e., to choose and play an audio file within the application. Look for an appropriate
way to do this within Swing. Results that are not based on Swing are not relevant. Also,
results that are based on applets are not relevant.

Motivation: Component reusable as-is, Target size: Subsystem

A.3 Scenario 3.

You are looking for a C implementation of the Trie tree data structure. A Trie tree is an
ordered tree data structure where the keys are strings. Any implementation of trie trees
in other programming languages is relevant. Also, any pseudo-code implementation or
description that would help you to program is also relevant.

Motivation: Component reusable as-is, Target size: Block
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A.4 Scenario 4.

Consider that you have an HTML form, and a CGI script written in JSP. You are looking
for a piece of code that will help you to pass the contents of the HTML form to the CGI
script. All the results that are related to handling contents of an HTML form are relevant.
All the results that are related to handling a CGI script written in JSP are also relevant.
Results not related to HTML and CGI are not relevant.

Motivation: Component reusable as-is, Target size: Block

A.5 Scenario 5.

You are writing a program to send out meeting notifications by email. You program will

collate information from different attendees of a meeting across different time zones and

send notifications to them. You are programming in Java using the Calendar classes in Java.

Calendar classes are easy to understand but tricky to use while programming. You need

to look at code samples to learn usage of the Calendar functionality. Any comprehensive,

well-documented code that helps you to learn how to use the Calendar classes is relevant.
Motivation: Reference example, Target size: Subsystem

A.6 Scenario 6.

You are looking for a comprehensive library written in Python for parsing the XML in a
web application, and storing the parsed information in a W3C DOM format. All the results
that bring you closer to the solution such as those pertaining to parsing XML files and
storing them in the DOM format are relevant. All results related to Python libraries for
XML parsing are relevant.

Motivation: Reference example, Target size: Subsystem

A.7 Scenario 7.

You need to program the algorithm for Huffman coding for data compression, in Ruby
programming language. Note that this program does not already exist in the Ruby lan-
guage. Assume that you are familiar with C++ and so you prefer to search for examples
of Huffman coding in C++ and learn the logic, which will help you while programming in
Ruby. Any set of C++ data compression algorithms including Huffman coding is relevant.
Data compression algorithms in languages other than C++ are not relevant.

Motivation: Reference example, Target size: Subsystem

A.8 Scenario 8.

You are programming using wxWidgets, a cross-platform GUI library, and would like to
learn how ‘sizers’ (a widget for specifying the size of a GUI component across different
platforms) work. These sizers have an easy functionality but are unintuitive at times for
actual usage. Find examples that will aid you in your usage of the sizer functionality.
You need not specify any programming language. Any results that show how components
from the wxWidgets library are used are relevant. Particularly, examples of how the sizer
method is called and used are relevant.
Motivation: Reference example, Target size: Subsystem

A.9 Scenario 9.

You are working in PHP and need to check email addresses to make sure they are in the
right format. You will check email addresses by using regular expressions in PHP. You have
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never used regular expressions before, and would like to learn how to use them. So you
are looking for a code snippet that shows you how to program using regular expressions in
PHP or you can also search for regular expressions in Perl and emulate them in your code.
Any code that teaches you how to use regular expressions is relevant.

Motivation: Reference example, Target size: Block

A.10 Scenario 10.

You are working on the home page for a department at a university. They have a number
of featured research projects and want visitors to see a randomly selected project each
time the page is loaded. Displaying a project involves putting an image and an associated
blurb in a particular space on the page. You haven’t done this before, so you’d like to see
an example of how it can be done. You think the easiest way to do this would be to use
Javascript, but you’re not sure, so you’re open to using other languages. Any code that
gives you enough information to get started with coding is relevant.
Motivation: Reference example, Target size: Block
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