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Abstract

Software maintainers often use reverse engineering toadtin
the extremely difficult task of understanding unfamiliadeo es-
pecially within large, complex software systems. Whilalitianal
program analysis can provide detailed information for reseen-
gineering, often this information is not sufficient to as$ige user
with high-level program understanding tasks. To bridgegidue be-
tween current reverse engineering tools and the high-lgues-
tions that software maintainers want answered, we propggaes-
menting traditional program analysis with natural langiagal-

or refactorings [6]. During a maintenance task, developgen ask
high-level questions such &ghich class represents concept &?
Where is there any code involved in the implementation oabeh
ior Y? These questions can be difficult to answer using traditional
program-analysis-driven reverse engineering tools [A3fecent
survey concludes:

...[traditional program analyses] have been successful at
treating the software at the syntactic level to addressfipec
information needs and to span relatively narrow informatio

ysis of program source code. This paper presents a case study 92PS-" [18]

where we have augmented an existing reverse engineerihg too
an aspect miner, to complement the existing traditionagjznm-
analysis-based miner with natural language analysis ohodet
names, class names, and comments. Our quantitative anitagual
tive results strongly suggest that supplementing tramgtiprogram
analysis with natural language analysis is a promising @ to
raising the level of effectiveness of reverse engineermodst

Categories and Subject Descriptors D.2.6 [Software Engineer-
ing]: Programming Environments: Programmer workbench; D.2.7
[Software Engineerirjg Distribution, Maintenance, and Enhance-
ment: Restructuring, Reverse engineering, and Reengigeer

General Terms Languages, Algorithms, Reliability

Keywords Program Analysis, Natural Language, Software Tools,
Aspect Mining

1. Introduction

A program’s comprehensibility often decays over time, dusdft-
ware maintenance and evolution [13]. In a large projecth witl-
lions of lines of code, even maintainers familiar with théware
have to comprehend or re-comprehend an extensive amount of u
familiar source code daily to fix bugs and add features. Wnles
developers maintain the code’s comprehensibility by tefatg,
daily tasks become increasingly difficult [7].
Maintainers use many reverse engineering tools to quickly u

derstand a software system so they can make appropriatgehan
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This judgment may be overly harsh, yet correctly identifietsaue
that researchers should address: spanning the gap betwers\ u
high-level tasks and program analyses’ detailed inforomati

We propose using natural language information to bridge thi
gap. We supplement traditional program analy3e2A() (e.qg., call
graph analysis, control flow analysis, data flow analysise tgnal-
ysis, etc.) with natural language analyshi$ A) applied to a pro-
gram’s source code. We hypothesize that NLA complements TPA
because NLA analyzes different program information thaA.TP

In this paper, we investigate our hypothesis through a case
study. In our case study, we add NLA to an existing TPA-based-
framework, Timna, to improve its effectiveness at a revensgi-
neering task, aspect mining. Aspect mining is the procesdenf-
tifying code segments in an object-oriented program theglde-
ers could better modularize into an aspect-oriented prog@feOP)
using an aspect-oriented language. Aspect mining is thesfiep
towards refactoring a system from OOP to AOP. We selected as-
pect mining as our representative reverse engineeringoeskuse
(1) there is no sufficiently effective solution for aspeching and
(2) researchers have only used TPA for aspect mining so we are
able to investigate how much NLA can assist in this task. Ia th
paper, we make the following contributions:

e A case study of supplementing TPA with NLA to improve a
reverse engineering task

e Development of NLA targeted toward aspect mining

e Implementation of an extended aspect mining framework,
iTimna, to exploit the integration of NLA and TPA

¢ An initial quantitative and qualitative evaluation of coiming
TPA and NLA for aspect mining

Section 2 describes the necessary background on aspengmini
In Section 3, we present the NLA-based features we develfped
aspect mining. Section 4 presents our evaluation methggoRec-
tion 5 presents both quantitative and qualitative res@extion 6
describes related work, and Section 7 presents our conokisi



2. Background

To modify an application, developers must identify the Higvel
idea, orconcept, to be changed and then locate, comprehend, and
modify the concept’soncern, or implementation, in the code [15].
The research community agrees that object-oriented progiag
causes certain concerns to become scattered [11, 24]. Thase
cerns are known as crosscutting concerhspect-Oriented Pro-
gramming or AOP, is a language paradigm created to better modu-
larize crosscutting concerns [11]. Legacy codes are refedtinto
AOP by first identifying theefactoring candidategcode segments
developers could better modularize in an AOP languageutiro
the process of aspect mining and then performing the actaal p
gram modularization into AOP style. For this paper, we agsum
that refactoring candidates are at the method granulaitttypugh,

in general, any code shippet can be a refactoring candidate.

A good refactoring candidate is a method that is part of aseros
cutting concern. For instance, a tracing function that ifedaby
many different methods in many different classes is partarbas-
cutting concern, called the tracing concern. The source eemlild
be more modular if the tracing information was all in one mod-
ule, i.e., an aspect, instead of scattering calls to thenigaftinc-
tion throughout the program. Researchers have identifieerale
categories of methods that are good refactoring candidateh
as methods in the observer design pattern, methods thaalbed c
side-by-side several times, event triggering methodstraonen-
forcement methods, factory and singleton methods, congséer
methods, and persistence methods (see Section 4.2) [20].

There are many straightforward TPA clues that researclases h
used to perform aspect mining (see Section 6 for a thorougtush
sion). Because aspects were made to remodularize conbetrasé
not well modularized by objects, certain code smells canseel to
find these concerns. For instance, researchers have cetilitaf a
method is called by many different methods, it is often a gedac-
toring candidate [17]. TPA can determine if a method is chbig
many different methods, by analyzing the call graph. Reseas
have also used code clone detection, which is based on thekon
flow graph, to identify refactoring candidates [21].

Prior to our work on Timna [20], existing approaches to au-
tomating the aspect mining process focused on developipecas
mining analyses based on a single TPA characteristic. Baaly-a
sis typically found only a subset of possible refactoringdidates
and was unlikely to find candidates which humans find by com-
bining analyses. We designed Timna as a framework for emgbli
the automatic combination of aspect mining analyses [20§. Key
insight was the use of machine learning to learn when to t@fac
from vetted examples (i.e., supervised learning). Theltestiour
experimental comparison of Timna to Fan-in, a leading aspet
ing analysis [17], indicated that such a framework for awgtioally
combining analyses is very promising and extensible.

In addition to call graph and code clone analysis, Timna uses
TPA information that can be extracted from the abstractaynt
tree of a program, such as whether a given method retusids

if a method returns a value, has no parameters, is not a constr
tor, and is called from more than three methods, then it &yila
good refactoring candidate [20]. This rule is able to findoecé-
ment methods such aaiblic boolean AbstractTool.isEnabled()

in JHotDraw by combining several TPA.

While Timna is a state-of-the-art aspect mining framewatrk,
was only able to identify refactoring candidates with 67%uaacy
on the training data in our experiments. After analyzingrieth-
ods that Timna was having difficulty identifying, we realizehat
there were a large number of natural language clues in thgrgmmo
code that we were not leveraging. The remainder of this pager
scribes how we improved both the precision and recall of Emn
by developing NLA-based features and adding them to Timna to
create integrated NLA-TPA Timna, iTimna.

3. Integrating Natural Language Analyses

In previous work, we have investigated how to extract useditiiral
language clues from a program'’s source code, developedyegono
model to represent the natural language relationshipsijesidned
and implemented a search tool based on our natural langepge r
resentation [19, 22]. This paper goes beyond this work bgsnav
tigating the combined use of NLA and TPA within a single tool,
for a new application. When using natural language cluasetad
from a program to help with searching for crosscutting conge
we discovered thaterbsare extremely important [19]. We believe
that this is because wbjectoriented programs, the nouns (i.e., ob-
jects) are well modularized, causing some verbs to becomte sc
tered. Therefore, in an OOP system, the verbs sometimessear
crosscutting concerns. We have previously created teabsifpr
extracting verbs from method names and comments which we use
in several NLA-based tools as well as the following analyj2e$.
This section describes the five distinct NLA that we addednaria

to create iTimna. For each NLA, we present motivation, sujipp
examples, and how the analysis is performed. Each NLA rstarn
boolean value which iTimna uses as a feature input duringits
chine learning phase.

Opposite Verbs  When two methods in the same class perform op-
posite functions, they are often good refactoring candslaton-
sider the methodkck() andunlock(), called before and after an
operation occurs. We could refactiock() and unlock() into be-
fore and after advice. Our experience and other aspect ginein
search [1, 3, 16] supports our hypothesis that methods wpitio-0
site verbs are good refactoring candidates. It is oftencdiffifor
TPA to detect opposite methods because they can be far apart i
both the call graph and the stack trace.

The opposite verb analysis must determine, given a single
methodm in classc, if methodo (m’s opposite) occurs ir. The
iTimna framework uses NLA [22] to find and extract the verb
v from m’s identifier. ForlockFile(), iTimna would extraciock
Similarly, iTimna extracts the verbs from all other methads. If
any method besides usesv’s antonym (e.g., the verldsck and

or whether it has parameters [20]. Because Timna is a machine Unlock, the analysis returns true. Similarly, if any method besid

learning framework each TPA used in Timna must output iteltes
as a feature. Timna uses TPA to create a feature vector for eac
method. For example, an abbreviated vector (missing a fev TP
features) for methodbstractTool.isEnabled() looks like:

Method Fan- | Returns| Is Is Refactoring
Name In \Void Constructor| Candidate
isEnabled| 4 F F T

whereMethodis a label { Fan-In, Returns Voidls Constructo} are
input features, ants Refactoring Candidatis the output attribute.
Timna combines these TPA clues to accurately identify gefatr
toring candidates. For example, Timna previously discedehat

m usesv with the opposite preceding word (e.geginEdit() vs.
endEdit()), then the analysis returns true.

Past-TenseVerb  The Java Language Specification states “method
names should be verbs or verb phrases...”. Thus, develofters

use verbs in method names. A developer who wants to create a
method that “opens a file” might call #penFile(). That developer

will not call the methodopenedFile(), because the verb’s tense
conflicts with his intent. Using this same principle, whene d
veloper uses a past-tense verb in a method name, he is dgclari
that the method is a reactionary method. For instance, aadeth
calledfigureSelectionChanged() does not itselthange the selec-
tion; it only reacts, as another method has alreettignged the se-



lection Similarly, the method@nousePressed() reacts to the mouse
button being pressed. These reactionary methods (similarg-
date” methods in the observer pattern) are good refactaangli-
dates [10, 20].

The past-tense verb analysis must determine, given a single

methodm, if m uses a past-tense verb. Similar to opposite verb
analysis, iTimna uses NLA to find and extract the verlirom
m’s identifier. ForfigureSelectionChanged(), iTimna would ex-
tractchanged Then iTimna uses simple morphological analysis to
determine/’s tense. Ifv is past-tense, the analysis returns true.

Observer Verbs Researchers agree that an implementation of the
observer design pattern contains several methods thatcae g
refactoring candidates, including tmetification update attach
anddetachmethods [10, 20]. Developers use a limited vocabulary
when implementing the observer design pattern. In methed
ViewSelectionChangedEvent() of JHotDraw, the developer used
several different words to note théteViewSelectionChangedEv-
ent() is a notification method, including the vefite in the method
name and the verhsotified and changedin the comments. Sim-
ilarly, the developer who authorddyPressed() used clear com-
ments to note thakeyPressed() is an update (i.e., handler) method,
with the inserted comment, “Handles key down events”. ijnat-
taching and detaching methods, such as methtatlisteners(),

are also good refactoring candidates. We have created an NLA
based analysis that detects these observer-pattern vedbheir
synonyms in code.

The observer-pattern verb analysis must determine, giwéma
gle methodm, if m or m’s set of commentsom use any of
the observer-pattern verbs. iTimna uses the technique2j t$
find and extract the verb from m’s identifier. ForkeyPressed(),
iTimna would extracpressediTimna also uses part-of-speech tag-
ging to identify and extract all verbs itom. iTimna checks if any
verbs that it has found either match or are synonyms of véwdits t
describe the observer design pattern. If so, then the olaspattern
verb analysis returns true. When identifying attaching dethch-
ing verbs, iTimna must also ensure that the direct objedief/erb
is alisteneror anobserver to avoid methods that use the vexrtid
with an unrelated direct object (e.gddPopupMenultems()).

Constraint Verbs Researchers agree that constraints, or contract
enforcement methods, are good refactoring candidates2[p,

A constraint method checks a condition to determine whetiter
execute an operation. For instan@eéstractTool.isEnabled() is
checked before a user can select a tool for use. This camistrai
method uses the veris, and other constraint methods use verbs
such agheckEnabled() or canConnect().

The constraint verb analysis must determine, given a single
methodm, if m or m’'s comment setom use any of the constraint
verbs. iTimna uses the techniques in [22] to find and extizet t
verbv from m’s identifier. ForisEnabled(), iTimna would extract
is. iTimna also uses part-of-speech tagging to identify artchek
all verbs incom. iTimna checks if any verbs that it has found either
match or are synonyms of constraint verbs, sucleresk is, or
can If so, then the constraint verb analysis returns true.

Factory Terms Factories are one of the design patterns that re-
searchers have shown to be better implemented as an aspgct [1
Therefore, we attempt to identify refactoring candidateshsas
createUndoActivity() which has the comment “Factory method for
undo activity”. We currently search for the tefactoryin the com-
ments and identifiers of the code.

The factory term analysis must determine, given a single
methodm, if m or m's comment setom use any factory terms.
iTimna uses previous techniques [22] to find and extractledl t
termsv from m’s identifier and comments. FarreateUndoAc-
tivity(), iTimna would extraccreate undg and activity. iTimna

would also extract each word in the comment “Factory metlood f
undo activity”. iTimna checks if any terms that it has fourither
match or are synonyms of factory terms. If so, then the fademm
analysis returns true.

4. Case Study Evaluation

We conducted a case study to evaluate iTimna’s improvemat o
Timna due to the combination of NLA and TPA. In particular, we
designed the case study to provide some insight into thetiqnes
What effect does integrating NLA with the TPA of our stat&ief

art aspect mining framework, Timna, have on the aspect rsiner
effectiveness in terms of precision and recall?

4.1 Subject Program

We chose JHotDraw 5.4b4&s our subject application. JHotDraw is
an open-source framework for building drawing programs\ajt-
proximately 22,000 non-commented lines of code and isivelst
well-documented. JHotDraw is an especially good candiftate
training program because it was designed and implemented-in
tionally to be an example of good object-oriented code, gitfire
latest design patterns and coding standards. Therefare, should
not be many cases where code needs to be refactored in at-objec
oriented manner, but instead only cases where objecttedeso-
lutions did not succeed.

4.2 Training Data

Our machine learning approach requires training data, smare
ually marked refactoring candidates in JHotDraw. We maréed
method as a refactoring candidate only if it is similar to dlwe
known example in the AspectJ literature [10, 11, 12]. Fotanee,
we tagged the methochanged() in Figure 1 because it is much
like the notify() method in the observer design pattern, which re-
searchers have shown are good refactoring candidates A$0].
we manually tagged the program in our study, we observed that
we were tagging several distinct syntactic categories dhous,
which we tagged differently so we could study the ability ahfia
and iTimna to identify different categories of refactoringndi-
dates. We distinguished eight categories, which we briefbcdbe
below (with a more thorough description in [20]).

1. Ordered Method Calls. Often developers call methods, such as
willChange() andchanged(), from the same caller method, always
in the same order.

2. Contract Enforcement. These methods perform policy check-
ing, such assEnabled(), often at the entry point of a method.

3. Complex Getter. Usually, an adapter method is essentially a get-
ter, in which the returned data structure undergoes sonuegsng
or transformation before returning.

4. Event Triggering/Handling without Event Parameter. These
methods either trigger or handle an event, yet do not havesarpa
eter that is an event.

5. Singletons and6. Factories. Both are GoF design patterns with
a fairly standard syntactic representation[8].

7. Event Triggering/Handling with Event Parameter. Similar

to Category 4, except these methods have an event parameter.
This distinction makes this category of methods easier t find
distinct from, the previous event handling category.

8. Adding/Removing Listeners. Related to events and event han-
dling, yet syntactically and semantically different are #dding
and removing of listeners.

L http://www.jhotdraw.org/
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/x* Sets the arc’s width and height. x/
public void setArc(int width, int height)

willChange ();
fArcwWidth = width; fArcHeight = height;
changed (); }

Figurel. willChange() andchanged()’s consistent usage pattern.

4.3 Variablesand Measures
The independent variables in our study are the applied minin
techniques and the tagging strategy. The mining technigjagher
Timna or iTimna (i.e., Timna with NLA). When using Timna or
iTimna, we tag the training data in two different ways, cdlle
“All” and “Boolean”. When tagging in the “All” style, we tagagh
method with an aspect category (defined earlier) or with fugl,
not a candidate). When tagging in the “Boolean” style, wedach
method with a boolean, true if it is a candidate, and falsesfot.
The dependent variables are the overall precision, overeil,
and recall of refactoring candidate categories. Precipionides
intuition about the quality of a result set. We measure gienias
precision for technique T = (number of good candidates iifieit
by T) / (total number of candidates identified by Rgcall provides
intuition about the completeness of the result set. We nreasuall
asrecall for T = (number of good candidates identified by T) fgto
known good candidatesiCategorization of mined candidates was
measured as a percentage of the total candidates min€evhich
were in a given category described in Section 4.2.

4.4 Framework and Methodology

Timna and iTimna were built as an Eclipse plug-in in ordeetek-
age Eclipse’s program analysis APIs, as well as to providarad-
work that is easy to extend. First, we manually tagged thgestib
application, then we used Timna and iTimna to generate arkeat
vector for each method, where each item in a vector is thdtresu
for a single analysis. Timna and iTimna used the Weka Machine
Learning Toolkit to train and test on this data, using telio-foross-
validation [26]. Within Weka, we used a rule-learning alton,
which creates a set of human-readable classifying rulesdop

its output. After calculating the overall precision andaiave also
calculated the recall for individual refactoring cand&leategories.

45 Threatsto Validity
We used 2,739 refactoring candidate examples (i.e., mataoia-
rations) to evaluate iTimna; we believe this is a sufficiembant
of examples for a machine learning case study, but recoginitea
full evaluation should include more examples. To reduceittkeof
overfitting and to have enough examples to evaluate ourginark
we perform ten-fold cross-validation. We also include gatve
evidence (examples) that iTimna discovered so that theerezmh
decide whether iTimna is finding reasonable refactoringlicktes.
The first author tagged the training data used in this exparim
during a previous experiment. We believe that the threatia$ b
is reduced because the author tagged the data two yearstgrior
developing the current approach. We plan to further evaltia
framework with data tagged by another annotator.

Naming Conventions  Our approach relies on reasonably stan-
dard naming conventions, assuming, for instance, that mestod
identifiers either contain a verb or strongly imply a patgcwerb.
While no empirical studies exist that definitively suppour @s-
sumptions, many naming convention studies, naming corrent
guidelines, and even source code examples suggest thaasier b
assumptions hold for most systems. In an empirical studyaof-n
ing conventions researchers introduce a commonly usecpimata
ical convention, the MTHODS ARE ACTIONSconvention, where

method identifiers are verb phrases [14]. In this study,aeters
also introduced the Bra ARE THINGS and the RUE/FALSE DATA
ARE FACTUAL ASSERTIONSconventions. Both of these method
naming conventions, while not explicitly requiring a veudsually
imply a verb (e.g.List.isEmpty — “checkif the list is empty”).
Another group has created a regular grammar to parse meatand i
tifiers where one major category is “Actions”; each examplthis
category contains a verb [4]. Many naming convention ginesl
support our assumptions, as they encourage developers teris
or verb phrases for method identifiers [9]. Finally, almdsb&the
large number of source code examples in aspect mining tlitera
are consistent with our assumptions [16, 17, 2, 1]

5. Results
5.1 Quantitative Results

Effectiveness - Precision and Recall Table 1 presents the preci-
sion and recall for Timna and iTimna where each was evaluated
using all of the categories of aspects (Timna:All and iTioAdix
and then using only a boolean classification (Timna:Booksah
iTimna:Boolean). iTimna:All was dramatically more effivetthan
Timna:All with 15.9% higher precision and 40.9% higher fleca
However, because the Timna framework generally performtgibe
in the boolean classification mode, the precision and reeilles
for Timna:Boolean and iTimna:Boolean represent the reptave-
ment in adding NLA. In boolean mode, iTimna’s precision is229
higher and its recall is 12.2% higher than Timna. iTimnatg@ase
in both values is significant, representing a 50.5% errtereduc-
tion and a 30.6% error-rate reduction, respectively. TifBnalean
returned 940 candidates, of which only 583 were valid, where
iTimna:Boolean returned 855 candidates, with 694 beiniglval

Effectiveness by Categories In Table 1, we also report the re-
call for each aspect category. We do not report precisiomase
it is impossible to calculate precision for Timna:Booleanda
iTimna:Boolean (i.e., a boolean classification does no¢rdeine
the category of refactoring candidates). By examining ttegor-
ical data, it can be seen that iTimna:All achieves dramaterall
increase in recall (40.5%) over Timna:All becaydgiTimna:All
more effectively mines categories one, two, three, foweseand
eight, and(2) iTimna:All improves recall on categories that appear
often in JHotDraw (one, two, four, and seven). iTimna:Baole
also improves recall over Timna:Boolean in categories tme,
six, and seven, leading to better recall overall. iTimnaiBan is
less effective in categories four, five, and eight, but beeahese
categories are either very small or the recall only dropshsly,
iTimna:Boolean’s recall stillimproves overall. For largategories
(one, two, and seven), iTimna:Boolean achieves improveallre

Discussion Itis usually difficult to improve the performance of a
previously tuned machine learning system unless a ressacein
add new, innovative features. We believe that the drammagcave-
ment that iTimna shows over Timna supports our hypothesit th
NLA combined with TPA can significantly assist the reversgien
neering task of aspect mining. Furthermore, the precisioirecall
results are now strong enough to warrant iTimna'’s use as k& bac
end to an interactive aspect-refactoring tool.

5.2 Qualitative Results

Because NLA is often complementary to TPA, iTimna can idgnti
refactoring candidates even when TPA provides virtuallyclhes

or TPA provides only weak clues. Here we present a few exam-
ples where NLA was necessary to identify a refactoring aete.
iTimna uses a machine learning algorithm that outputs ssetje
which iTimna then uses to classify new methods. For each exam
ple, we include the rule that iTimna used to identify it asfactor-
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Technique | Total Methods True Precision | Recall Category Recall
Returned | Positives 1 2 3 4 5 6 7 8
Tagged 966 - - - 351 129 27 107 7 31 248 [
Timna:All 327 220 67.3% | 22.8% || 42.7% 4.7% 0.0% 14.1% 0.0% 0.0% 16.5% 12.1%
iTimna:All 713 593 83.2% | 63.3% || 49.9% 84.3% 42.9% 22.1% 0.0% 0.0% 93.9% 80.3%
Timna:Boolean 940 583 62.0% | 60.4% || 59.1% 1.6% 0.0% 73.8% 85.7% 0.0% 935% 86.4%
iTimna:Boolean 855 694 8L.2% | 72.5% 67.3%  85.0% 0.0% 50.0% 0.0% 355% 93.9% 81.8%

Table 1. Precision and Recall

public class TextTool...{ 1 || public void mouseReleased(MouseEvent €)
protected void beginEdit(TextHolder figure){...} 2 if (isEnabled ()) {
protected void endEdit() {...} 3 fState = fOldState;
/x* If the pressed figure is a TextHolder it can be 4 repaint ();...
+ edited otherwise a new text figure is created«/ s ||}
public void mouseDown(MouseEvent ejnt x...){...
if ((textHolder != null)&&textHolder.acceptsTyping ()}
// don’t create new TextFigure, edit existing one . . . . .
beginEdit(textHolder); Figure3. The method call tasEnabled() on line 2 is a constraint.
ooy
/xx Terminates the editing of a text figurex/
public void deactivate () { ) . ) .
endEdit(); This rule uses two NLA and one TPA to identify refactoring can
super . deactivate (); didates. Figure 4 is an example of a method that this rule-iden
}... }lend class TextTool tifies. Because the methadmovelListener() is in the same class

as addListener(), the Opposite Verb NLA returns true, and be-
cause the method uses the veudd in conjunction withlistener,
the Observer-Verb NLA returns true.

Also within the observer pattern, the notification methoa is
good refactoring candidate [10, 20]. Unless the notificatieethod
is called from many places or happens to exhibit another code
smell, it is difficult to identify using TPA alone. iTimna us¢he

Figure2. beginEdit() andendEdit()’s usage makes it difficult for
TPA alone to detect their relationship.

mgcgrzi]nb(?:](;atl;[cemtlo llustrate how the TPA and NLA were oftendise following rule of four TPA and one NLA to correctly classifyany
In JHotDraw, the clasextTool has two methods that occur ~ Methods in JHotDraw.
before and after an edit occuliseginEdit() andendEdit(). They (Is — Getter = F) and (Is — Constructor = F)
are similar to the well-studied refactoring candidaté$Change() and (Is — Setter = F) and (Is — Void = T) and
andchanged(), two methods that are always called before and after (Observer —Verb = T) = Classification = T
changing &igure (shown in Figure 1). iTimna uses the following The TPA characteristics are not discriminatory by themesglv
rule to identifyendEdit() as a refactoring candidate: many mEthOdST%XiS’t\lt[thgeltwqi_?_ and é_lée nc')ftya 3ettesr. lasener, or
- — ——— a constructor. The elps iTimna identifireViewSelection-
Eggﬁ‘;f;ﬁi;ziﬁbj T :;F )C?:;j SZ(-]{?C;MVOZM: T T) and ChangedEvent() (shown in Figure 5) as a refactoring candidate.
— - - - . These examples demonstrate how iTimna uses TPA and NLA
iTimna used two TPA and one NLA to identify this candidate. It ogether to identify refactoring candidates. Many simpRATnot
would have been difficult for Timna to identifyeginEdit() without very helpful by themselves, combine with NLA and other TPA
NLA because of the lack of conclusive TPA clues. For example, 1 create an accurate classification rule. All of the TPA frthra
calls to beginEdit() and endEdit() do not ever occur from the  rjginal Timna were used in iTimna, yet fewer TPA appear i th
same caller (see Figure 2 lines 9 and 13), and the methodsrappe yjeset of iTimna. We believe that this is partially due taliag
approximately 240 methods apart in the stack trace. How&ver o6 analyses (features) to the machine learning problatraléo

natural language clues are strong—two methods in the sams cl e 19 the stronger classifying ability of the NLA, which sas the
are namedegin< wverb > andend< wverb >—and TPA with NLA to be used instead of TPA.

NLA provide enough evidence to correctly identify this catade.

Constraints are known to be good refactoring candidates [17
20]. It is often difficult to identify constraint methods ogi only 6. Related Work
TPA because the constraint method must be used many times in
order to exhibit typical code smells, such as being calleshfmany
methods. However, NLA and TPA together can identify coristra nigues. iTimna goes beyond the individual static and dynamal-

methods regardless of their usage. iTimna created the rule: yses presented below because iTinaauses NLA andb) com-
(Constraint—Verb = T) and (Is —Void = F) = bines many analyses (both TPA and NLA).
Classification =T The call graph fan-in analysis is a promising static analgsi-
This rule uses one NLA and one TPA. In JHotDraw, even though proach [17]. An automated tool based on this research pesduc
isEnabled() (called in line 2 of Figure 3) is called only four times,  reasonably precise results. Two groups have investightedde of
iTimna correctly identifies it as a refactoring candidate. code clone detection tools for the discovery of refactogagdi-
Several methods in the Observer design pattern are goadt refa dates. Shepherd et al. used PDG-based clone detectiorctvelis
toring candidates [10, 20]. Among these are a@ltachanddetach candidates with very high precision [21]. Magiel and van Ben
methods, which the Observer-Verbs NLA helps iTimna to detec compared token-based and AST-based clone detection teei
iTimna uses this rule to correctly identify many attach noel for candidate discovery, finding no clear winner betweers¢he
(Observer —Verb = T) and (Is — Void = T) and methods, but confirming that cross-cutting functionaliyoitten

(Opposite  Verb — T) = Class: fication — T implemented using code clones [2].

Researchers have investigated several individual aspatghgn
analyses. Generally, they either employ static or dynamoh-t
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/x* Registers the listeners for this window/
protected void addListeners (){
addWindowListenernfew WindowAdapter() {
public void windowClosing (WindowEvent evenf)
exit ();

o}

Figure4. addListeners(), an attaching method.

/xx An appropriate event is triggered and all
+ observers are notified
* changed, ..x/

protected void fireViewSelectionChangedEvent (...Y

registered
if the drawing view has been

Object[] listeners = listenerList.getListenerList()]..
for (int i = listeners.length-2; i>=0 ; i—=2) {...
vsl = (ViewChangelListener)listeners[i+1];
vsl.viewSelectionChanged(oldView, newView);]..
o

Figure5. A notification method with strong NL clues

Silvia et al. [1] performed several experiments to use @Eogr
traces to identify candidates. They search for specifieepatin
a trace, identifying these methods as candidates. Thisitaoh
appears very promising; we hope to integrate it into our éwanork.
Tonella et al. [25] used formal concept analysis to analyngiam
traces. They examined the generated concept lattice anidifuse
assist in making a classification.

After our original work on combining TPA or aspect mining,
Ceccato et al. [5] suggested different methods for compitech-
nigues, based on their experience using three differerihgptech-
nigues on the same program. Their findings support Timn&ofis
machine learning to discover which analyses are importdrgnwv
classifying different types of candidates. Researchers bbso in-
troduced “sorts”, or categories, of aspects, which helpsarchers
compare different mining techniques. Marius et. al. hage ah-
troduced simple approaches for combining mining analysesh
as unioning or intersecting their results [16]. iTimna, ontrast,

uses empirical data and machine learning to decide how te com

bine mining analyses to identify refactoring candidates.

7. Conclusion

We have demonstrated how supplementing traditional pmgra
analyses with natural language analyses can substaritigihpve
the effectiveness of an aspect mining system called iTirivia.
believe that our initial results strongly warrant furtheakiation of
iTimna as well as the use of natural language analyses tirapr
tools that perform other software engineering tasks.
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