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ABSTRACT

OOP style requires programmers to organize their code
according to objects (or nouns, using natural language
as a metaphor), causing a program's actions (verbs) to
become scattered during implementation. We de ne an
Action-Oriented Identi er Graph  (AOIG) to reconnect
the scattered actions in an OOP system. An OOP sys-
tem with an AOIG will essentially support the dynamic
virtual remodularization of OOP code into an Action-
Oriented View. We have developed an algorithm to au-
tomatically construct an AOIG, and an implementation

of the construction process. To automatically construct
an AOIG, we use Natural Language Processing (NLP)
techniques to process the natural language clues left by
programmers in source code and comments, and we con-
nect code segments through the actions that they per-
form. Using a reasonably sized program, we present
several applications of an AOIG (feature location, work-
ing set recovery, and aspect mining), which demonstrate
how the AOIG can be used by software engineering tools
to combat the tyranny of the dominant decomposition.

Categories and Subject Descriptors: D.2.3 [Soft-
ware Engineering]: Coding Tools and Techniques

Design, Experimentation, Languages

Keywords: Reverse engineering, Program analysis, Fea-
ture Location, Remodularization

General Terms:

1. INTRODUCTION

Regularly, for both maintenance and development tasks,
developers need to locate, navigate, and understand
concepts in source code. Many crosscutting concerns
(CCCs) exist in modern systems, which make these tasks
di cult [28, 18, 37, 19]. When given the hard choice of
well modularizing an object or an action, the OOP pro-
grammer must choose the object, because objects are
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the dominant decomposition [37]. We believe that many
CCCs exist due to this dominant decomposition. When
expert OOP programmers were compared with expert
procedural programmers while performing maintenance
tasks, it took the OOP programmers signi cantly longer
to develop a mental model of program information (e.g.,
control ow, data ow, etc.), suggesting that OOP ob-
scures these action-oriented features [13].

When programmers work on CCCs, a great deal of
their time is spent performing several tasks not tra-
ditionally viewed as programming tasks. Speci cally,
they spend much of their time (a) maintaining a work-
ing set of modules, (b) locating related modules, and
(c) navigating between modules [19, 28]. Studies sug-
gest that software has become so complex that devel-
opers spend more time looking for code than actually
modifying code [17]. Developers often have to follow
long and obscure structural paths in order to nd code
related to one action [35]. The basic building blocks
of programming have become feature location, working
set recovery, and program navigation. We suspect that
much of the overhead of these tasks could be eliminated
if the code could be re-organized to bring modules re-
lated to the task at hand into one virtual module [12].
Often, this means remodularizing code around actions,
or verbs.

This paper reports on our work developing a graph
that can support virtual on-demand program remodu-
larization. The graph can be used to generate a view
of the code base that presents related code segments as
if they were in one le. We have built concrete tools
(a feature location, a working set recovery, and an as-
pect mining tool) that demonstrate the utility of such a
graph, and the potential to speed up the building blocks
of modern programming tasks. The novel aspects of
our approach are (1) using Natural Language Process-
ing (NLP) as a program analysis tool, (2) developing
an underlying representation to support both NLP and
traditional program analysis, and (3) representing an
Object-Oriented program in terms of its verbs.

We rst discuss a small motivating example, and then
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plugin. We present several applications of the AOIG,
which demonstrate how the AOIG can be used by engi-



public Event perform(HttpServletRequest request)
throws HTMLActionException {
// Extract attributes we will need
String actionType= (String)request.getParameter("action");
HttpSession session = request.getSession();
// get the shopping cart helper

CartEvent event = null;
if (actionType == null) return null;
if (actionType.equals("purchase")) {
String itemld = request.getParameter("itemld");
event = new CartEvent(CartEvent. ADD_ITEM, itemld);
}
else if (actionType.equals("remove")) {
String itemld = request.getParameter("itemld");

}

event = new CartEvent(CartEvent. DELETE_ITEM, itemid);

public EventResponse perform(Event e) throws EventException {

CartEvent ce = (CartEvent)e;

ShoppingClientFacadeLocal scf = null;

scf = (ShoppingClientFacadeLocal)machine.getAttribute(
PetstoreKeys.SHOPPING_CLIENT_FACADE);

ShoppingCartLocal cart = scf.getShoppingCart();

switch (ce.getActionType()) {

case CartEvent.ADD_ITEM : {
cart.addltem(ce.getltemld());
}

break;

case CartEvent.DELETE_ITEM : {
cart.deleteitem(ce.getitemid());
}

break;

Figure 1: Implementation of the action \delete item" from ca rt in Petstore
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Figure 2: Implementation of the action \delete item", Visua lizer View

neering tools through enabling virtual remodularization
of the source code.

2. MOTIVATING EXAMPLE

Consider locating the implementation of the action
\delete item" in Petstore !, which involves removing an
item from a shopper's cart. The user request to re-
move an item is interpreted by a request handler object
(shown in Figure 1, left), and later processed by another
object (shown in Figure 1, right). The structural path
to connect these two code segments is long and di cult
to follow. The code used to implement Delete Item
is scattered across three other classes (for a total of 5
classes), which are connected by a complicated struc-
tural path. Figure 2 shows the entire concern in the
AJDT's Visualizer View [2]. Each rectangle represents
a source le, with varying lengths, and shaded lines rep-
resent the parts of each le that implement Delete
Iltem .

As a developer interested in Delete item , it is dif-
cult to discover both segments in Figure 1, even after
nding one segment, because the structural path be-
tween them is long and obscure. Finding all of the code
related to Delete Item is even more di cult, because
of lexical di erences in the action's implementation. For
instance, the code on the right of Figure 3 is likely to
be overlooked by a programmer who only searches for
\delete", yet it is clearly relevant. In the best case, all
of an action's code would be in one module, but this

lan example J2EE application of approximately 10K
LOC provided by Sun Microsystems

is often not possible in OOP, and it is not desirable as
the primary decomposition (remember procedural pro-
gramming?).

3. APPROACH AND RATIONALE

Since the structural dependency links linking related
code are often long and obscure, we are investigating
the use of NLP to connect the verbs within a program,
strongly connecting the scattered pieces of an action. In
a programming language, verbs correspond to actions
(or operations) and nouns correspond to objects [7].
The proposed Action-Oriented Identi er Graph repre-
sents the actions in a program, supplemented with the
direct object of each action.

Often verbs, such as \remove," act on many di er-
ent objects in a single program. In PetStore, a lexical
search for the string \remove" locates actions such as
\remove attribute”, \remove screen", \remove entry",
and \remove template". Therefore, it is important to
consider the themeto precisely identify a speci ¢ action.
There is an especially strong relationship between verbs
and their themes in English [10]. A theme is the object
that the action (implied by the verb) acts upon, and
usually appears as a direct object (DO). An example of
a verb-DO relationship in natural language is (parked,
car) in the sentence \The person parked the car."

The verb-DO relationship can be used for various pur-
poses. For example, [29, 16] use the verb-DO relation-
ship to classify nouns. Similar nouns can be clustered
into a hierarchy by examining the verbs with which the
nouns are used as DOs (e.g., consider the nouns that
can be DOs of the verb \eat" versus those for the verb



public void defeteftem (String itemID) {
cartremove(itemlD);

}

public void updateltemQuantity (String itemID, int newQty) {
cartremove(itemlD);

} I remove item if itis less than or equal to 0

if (newQty > 0) cart.put(itemID, new Integer(newQty));

Figure 3: Synonyms as clues: Delete Item, in an Expected and U

\drink"). We focus on DOs instead of subjects, because,
in OOP code, the enclosing object is usually the sub-
ject (e.g., the File class has astore method, where the
File stores objects that are passed in as parameters),
but the DO is usually part of a crosscutting concern

(e.g., the object being passed in to store ).

In order to leverage this information about programs,
we process source code to extract verb-DO pairs. Then,
we can build tools which use these pairs to aid the user
in navigating and viewing code in a way that cross-
cuts the dominant decomposition. The representation
of these pairs will be similar to inverse indexing (as used
in Information Retrieval), where we map verb-DO pairs
to occurrences in actual code.

4. MODELING VERB-DO RELATIONS
IN PROGRAMS

4.1 De nition of the AOIG

We have designed a novel program model that cap-
tures the action-oriented relations between identi ers
in a source program. Speci cally, the model explicitly
represents the occurrences of verbs and direct objects
(DOs) in a program, as implied by the usage of user-
de ned identi ers. We only analyze occurrences of verbs
and DOs in method declarations, and comments within
or referring to method declarations because method dec-
larations are the core of concerns. For instance, if we
can locate a method which implements the concern no-
tify observers  with a particular concern mining tool,
then there is no need for the concern mining tool to
identify the calls to that method as well, because that
can be done via traditional program navigation if neces-
sary. The action-oriented identi er model is de ned to
be a graph, called the action-oriented identi er (AOIG)
graph, which contains four kinds of nodes:

A verb node exists for each distinct verb occurring
in the program.

A direct object (DO) node exists for each unique
direct object in the program.

A verb-DO node exists for each verb-DO pair iden-
tied in the program. A verb-DO pair is de ned to be
two colocated identi ers in which the rst identier is
discovered to be an action or verb, and the second iden-
ti er is being used in the role of a direct object for the
rst identi er's action.

A use nodeexists for each occurrence of a verb-DO
pair in a program's comments or code.

There are two kinds of edges in the AOIG:

A pairing edge has a verb nodev or a DO node d
as the source, and a verb-DO node as the sink, when
it is determined that the verb v and DO d are used
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Figure 4: Example of an AOIG

together. A given verb (or DO) node may have edges
to multiple verb-DO nodes; however, a given verb-DO

node has only two incoming edges, one from the verb
and one from the DO node involved in the relation.

For each occurrence (or use) of a given verb-DO
pair in the program, there is a distinct use edgemap-
ping the corresponding verb-DO node to the use node
representing the use of that pair in the program.

Figure 4 shows the form of an AOIG. In this gure,
we can see thatverbl has two pairing edges one to
<verbl, DO1> and one to <verbl, DO2>, which are
both verb-DO nodes <verbl, DO1> has two use edges
which represent locations in the source code where this
pair occurs. This representation is intentionally simple,
allowing for complicated analyses to extract meaning
from it e ciently.

4.2 Overview of AOIG Construction

We have built the AOIGBuilder as an Eclipse plugin.
It builds a persistent AOIG automatically when the user
triggers a build. Although the current implementation
does not allow incremental builds, the algorithm should
perform well incrementally, since each method or class
can be processed independently.

Extracting an AOIG from source code involves ana-
lyzing natural language (comments) as well as program
structures (declarations). We use the process illustrated
in Figure 5 to construct the AOIG for an OOP pro-
gram. The paths to analyze comments and source code
diverge at the Splitter-Extractor box. The process
to extract verb-DO pairs from comments is illustrated
as the path that starts at B, and extracting pairs from
method signatures is illustrated as the path that starts
at A Once the pairs are extracted, we use them to cre-
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Figure 5: AOIG Construction Process

ate the appropriate nodes and edges in the AOIG. The
next subsections describe pathsA and B in detail.

4.3 Extracting Pairs from Comments

To extract verb-DO pairs from comments, we follow
three main steps:

1. Part-of-speech (POS) tagging on each comment
2. Chunking on each POS tagged comment

3. Pattern matching (i.e., role assignment) on each
chunked comment to determine verb-DO pairs

In order to create verb-DO nodesdue to uses in com-
ments, a POS tag (e.g., verb, adjective, noun etc.) is
assigned to each word in each comment. Highly ac-
curate (achieving precision around 97%) and e cient
taggers [30, 8] are freely available. These part of speech
tags are used to chunk the sentences into basic phrases

such as base noun phrases, verb group sequences, and

prepositional phrases. While natural languages are no-
torious for ambiguity, chunking (also called robust pars-
ing or partial parsing) can be done accurately [36, 1].
Furthermore, chunking is su cient for the purpose of
the detection of verbs and their direct objects.

We detect direct objects by simple pattern match-
ing, nding noun phrases immediately following verbs
in active voice, by skipping over some possible verbal
modi ers like adverbs, or scanning for a subject in the
case of passive verb groups.

Each of the components in Figure 5 (POS tagger,
noun phrase chunker, role assignment, etc.) can be done
with accuracy over 90% even in complex texts [20, 30,
10]. We have used these components for other tasks and
have noticed these freely available components port well
(requiring minor modi cations) to other domains such
as scienti c literature [38, 31]. In our implementation,
we used the components from OpenNLP [27]. Once the
verb and the DO are both detected, we construct a use
node to represent the comment and connect it to the
corresponding verb-DO node, creating one if necessary,
which could cause cascading creates of arerb nodeor a
DO node, if either has not been constructed yet.

As an example, consider the comment \Removes an
item from a cart". We would tag the comment (Remove «
angs iteme frome aqe carte ), partially parse
the comment (Removes- [an item]wounp hrase [from
[a Cart]d\lounP hrase> ]<P repositionalP hrase> ). and use pat'
tern extraction to determine the verb-DO pair (Remove,
item). We then construct a use nodeat that comment,
and attach it to the (Remove, item) verb-DO node, cre-
ating one if necessary.

Verb-DO Pair

| RightVerb || LeftVerb | |Implicit Verb ]

Special Verb Parameter DO
Parent DO

Figure 6: Extraction Classi cation Hierarchy

4.4 Extraction from Method Signatures

To extract verb-DO pairs due to uses in method sig-
natures, we developed a classi cation system for the dif-
ferent method signature forms that we encountered, and
a set of rules to identify each class. The extraction class
of the method signature determines where to extract
the verb and DO (see Table 1). In order to determine
the class of a previously unclassi ed method signature,
we merge the rule sets from all classes into one ordered
ruleset, optimized for precision. Thus, we perform the
following steps:

1. Process the method name
(a) Split method name (e.g. writeToFile !
To File [39, 35])
(b) Perform POS tagging on split method name
(c) Perform chunking on tagged method name

Write

2. Use classifying rules to determine the extraction
class of the method signature. If a rule requires
program analysis information, perform appropri-
ate analysis.

3. Given the method signature's classi cation, ex-
tract the verb, DO, and verb-DO pair from the
appropriate positions in the method signature

4.4.1 Extraction Classi cation Hierarchy

We present our classi cation system as a hierarchy in
Figure 6. At the rst level, we categorize every method
signature by where the verb appears. For instance,
method signatures are classi ed asLeft Verb when the
verb appears as the leftmost word in the method name
(e.g., public File convertFile() ). The Right Verb class
corresponds to method signatures such aspublic void
mouse Dragged(), where the verb is the rightmost word
in the method name. The class Implicit Verb  consists
of method signatures where no verb appears (e.g.,public
Handlehandles (), which is essentially a getter method).

The class Left Verb can be further subclassed into
four specializations based on the location of the DO |
including Special Verb, Parent DO, Parameter DO, and
Return Type DO Table 1 presents the current extrac-
tion classi cation for method signatures. For each ex-
traction class, the locations of the verb and DO are



Class Verb DO

Example

Parent DO Leftmost word in Parent class
method name

public void start () in class RequestHandler

Leftmost word in
method name

Return Type DO Return type

public Factory create (Properties p)

Leftmost word in
method name

Parameter DO Parameter type

public boolean process (Request )

Special Verb Leftmost word in Speci c to Verb public void getName ()
method name
Right Verb Rightmost word in Leftmost word in method name public void mouse Dragged ()
method name
Implicit Verb get Method name public List handles ()
Left Verb Leftmost word in Rightmost word method public URL parse Url ()
method name name
Table 1: Method Signature Classi cation for Verb and DO Iden ti cation
Class Rule Set
Parent 1. POS analysis determines a verb is the leftmost word in the m ethod name
DO 2. If the method has a non-void return type and parameters, bu t the parameters are more speci c than the return
type, classify as Parent DO
Parameter 1. POS analysis determines a verb is the leftmost word in the m ethod name
DO 2. If the method has a void return type and parameters, classi fy as Parameter DO
Return 1. POS analysis determines a verb is the leftmost word in the m ethod name
Type 2. If the method uses a creational verb and has a non-void retu rn type, classify as Return Type DO
DO 3. If the method has a void return type and parameters and the r eturn type is more speci ¢ than the parameters,
classify as Return Type DO
Special 1. POS analysis determines a verb is the leftmost word in the m ethod name
Verb 2. If the method uses a special verb, such as \get", \set", \to ", etc., classify as Special Verb
Right 1. POS analysis determines a passive verb is the rightmost wo rd in the method name.
Verb 2. If that verb ends in \ing" or \ed", classify as Right Verb
Implicit 1. POS analysis determines a verb does not exist in the method name.
Verb 2. If the class has a eld whose identi er or type closely rese mbles the method name, classify as Implicit Verb

Table 2: Partial Rule Set (add Table 3 for Complete Rule Set)

described, and then an example method signature with
the DO in bold is presented.

4.4.2 Rule Sets for Classi cation

Based on manually examining many method signa-
tures from several programs, we developed rule sets for
each extraction class. These rule sets use both NLP
and program analysis information to test for a particu-
lar class. To use NLP information, we rst preprocess a
method signature, breaking its method name into words
via known heuristics [39, 35], and using a POS tagger
and a chunker to process it. We also e ectively prepro-
cess a method signature for program analysis informa-
tion, by using Eclipse's JDT API. An example rule set
that leverages both NLP and program analysis infor-
mation is Implicit Verb 's setin Table 2. Rule 1 deter-
mines that no verb exists in the method name via NLP,
and rule 2 determines if the method name is similar to
a eld in the method's class through simple program
analysis.

The complete rule list used to classify an unknown
method signature is the merged set of all rule sets from
every extraction class. We present the merging of only
two rule sets here, to demonstrate the rule set integra-
tion. Table 3 presents a rule set for both the Parent
DCand Left Verb classes with example code fragments.
The rest of the rule sets are shown in Table 2. Consider
constructing the ordered rule list from the two rule sets
in Table 3. Since rule 1 is the same for both classes,
this rule would appear rst. However, since rules 2a
and 2b are di erent, we must decide which rule will be
applied rst for class integration. In this case, we would

execute 2b before 2a, because if a method name has a
noun phrase after its verb, it is highly likely that this
noun phrase is the direct object, even if the method has
a void return type and no parameters. From our expe-
rience with classifying method signatures by hand, we
were able to determine an order for all the rules that
would classify method signatures well.

4.5 Time and Space Costs

45.1 Space Costs

The number of use nodesis, in most cases, the largest
cost of building the AOIG. This is because there are usu-
ally several use nodesfor each verb-DO pair node, and
therefore several use nodesfor each verb and direct ob-
ject node. Since the number ofuse nodesis, in practice,
easily larger than the other types, we focus our analysis
on use nodes. Oneuse nodeis built for every method
signature, causing O(m) nodes in the graph, where m is
the number of method signatures in a program. Upto C
use nodesmay be built for each comment, where C is the
largest number of sentences in a comment, because each
sentence in a comment could provide a verb-DO pair.
Since each method could have up toN comments, where
N is the largest number of comments in a method, there
could be O(N*C*m) use nodesbuilt. However, since N
and C are usually small constants (less than 10), this
reduces to O(m) space.

45.2 Time Costs

Creating the AOIG for a program requires scanning
every method once (O(m)), examining its method sig-



Parent DO Extraction Class Example
1. POS analysis determines a verb is the leftmost word in method name public void initialize () in class Con-
tainer
2a. If method has void return type and no parameters, then classi fy as Parent DO f initialize, container g
Left Verb Extraction Class Example
1. POS analysis determines a verb is the leftmost word in method name public  void showHelp () in class
DrawingApp
2b. If the remaining text of the method name is a noun phrase, then classify as | fshow, Help g
Left Verb
Table 3: Example Rules for Extraction Classi cation
nature and any comments associated with the method. Category gg P‘r’; Verb- E,'fs of Verb-DO
Within this scan, the processing of comments and method Declarations Comments
signatures each require time. As above, let N be the correct 50 43
largest number of comments in a method. Comments '”CQW‘ZCt 4 1
require slightly more time to process than method sig- | :’T'tlte | 27 | ;;
otal

natures, because of the use of NLP, but this process can
be bounded by a small constant L. Method signatures
are quicker to process, and their processing time can be
bounded by a small constant P. Since both processes
only require a small, constant time, the time costs can
be reduced from O((L*N + P)*m) to O(m).

From our implementation of the AOIG, we found that
the space and time costs were very reasonable. The
AOIG required only a fraction of the space that the cor-
responding source code required, and AOIG construc-
tion time was approximately 10 seconds per source le
for a le with about 10 methods and 10 multi-sentence
comments. The AOIG construction process spent about
1 second analyzing the method signatures and about
9 seconds analyzing the comments. Since this process
can be done incrementally (the AOIGBuilder can pro-
cess each new method signature and comment added
to code, as they are added), these times are reasonable
for a prototype implementation (hardware: Pentium 4
CPU 2.40GHz).

4.6 Precision and Recall
To evaluate the precision and recall of AOIGBuilder,

we manually examined an AOIG generated by AOIGBuilder.

Speci cally, we manually inspected a set of 57 randomly
selected method declarations and the comments associ-
ated with these method declarations, marking a use as
correct only if the AOIGBuilder had extracted the de-
sired verb-DO pair (see Table 4 for results). We cal-
culated precision as correct=(correct + incorrect ), and
recall as correct=(correct + incorrect + omitted ), where
correct (incorrect) is the number of correctly (falsely)
identi ed verb-DO pairs, and omitted are verb-DO pairs
not found and thus not included in the AOIG generated
by AOIGBuilder. We found that both precision and re-
call were high for method declarations, with 92.5% pre-
cision, and 87.7% recall in the surveyed sample. We also
found that precision was high for comments (97.7%),
but the recall was slightly lower (78%), due to the sim-
plicity of our pattern extractor (which could be im-
proved in a production version). These results were con-
sistent with our broader experience with AOIGBuilder,
where we found that a high percentage of the AOIG was
generated accurately.

4.7 Potential Uses of AOIG

Table 4: Results of Survey

The AOIG is intended to allow software engineers to
construct tools that help overcome the tyranny of the
dominant decomposition. We foresee the AOIG being
useful in powering tools that perform feature location,
working set discovery/recovery, concern/aspect mining,
and other maintenance tasks. The next three sections
describe potential uses we have studied.

5. FEATURE LOCATION
5.1 Problem and Background

Biggersta et. al. [6] was one of the rst researchers to
articulate the concept assignmentproblem in program
understanding, as the problem of discovering individual
human-oriented concepts and assigning them to their
code implementation. Our work is on feature location,
which we de ne as a subproblem of concept assignment,
in which the concept can be expressed as an action-
object pair, such as (load file ). Most features pro-
grammers wish to discover involve action (such as tasks
during development or debugging), and the only con-
cepts not found with our technique are those expressed
without action (such as only an object, which would
already be well modularized in an OOP program).

Dynamic approaches to the general problem of con-
cept assignment use program traces [21, 24, 11]. This
approach requires a set of test cases that exercise tar-
geted concepts, and a mapping of tests to concepts; our
approach requires neither. Dynamic approaches then
use deductive reasoning to eliminate methods that are
not central to a specic feature. It can be dicult
to construct test cases that exercise some human con-
cepts, but this approach works well with GUI-based pro-
grams [24, 11]. Information retrieval (IR) approaches
map queries to the most related source code [22]. How-
ever, this approach su ers from the imprecision asso-
ciated with IR, which was initially designed to handle
much larger document sets. Tools have been designed
which leverage both IR and dynamic analysis [39]. By
using NLP, our approach is able to extract more precise
information from documents (e.g., we can identify syn-



Figure 7:

onyms as such, use context to deduce the meaning of a
word, etc.).

5.2 Requirements

A feature location tool should assist developers in
nding features during common programming tasks. It
should nd features that are directly relevant to debug-
ging, development, and maintenance. Most tasks that a
programmer must do, especailly late in the lifecycle of a
program, relate to an action, so the tool should be able
to search for these types of features. The user should be
able to add to his search a speci cation of which objects
the action interacts with, in order to nd more specic
features.

5.3 Implementation

We implemented ViRMoVis a simple virtual remod-
ularization visualization tool, as an Eclipse plugin. It
is intended to expose the AOIG's natural remodulariza-
tion ability in order to demonstrate the AOIG's utility.
We envision, in the future, tools that go beyond expos-
ing the AOIG and use the AOIG to build more complex
remodularization functionality.

ViRMoVis consists of two Eclipse views, shown in Fig-
ure 8, and, within the context of Eclipse in Figure 7. It
provides the following features:

A user can dene a lter in the Filter View to
restrict the use nodesdisplayed in the Uses View.

A user can add verbs to the Filter View .

{ A user can browse code, then right click on
code, which will display verbs that are used
nearby. The user can then select a verb.

{ A user can manually enter any verb.

{ A user can browse the Filter View . When
the user right clicks on a verb, semantically

ViRMoVis in Eclipse

related verbs (via Wordnet [25]) are shown,
and the user can select one.

A user can browse the Uses Viewto follow links to
code related to a particular verb or verb-DO pair.

The Filter View 's selected members a ect the Uses
View. If verbs or DOs are selected in the Filter View ,
then only uses that match at least one selected verb and
one selected DO are shown.

5.4 Feature Location with viRMoVis

A user has to follow the following steps in order to
nd a feature with ViRMoVis:
1. Input a verb into the Filter View . ViRMoVisresponds
to right-clicks by displaying a set of related verbs.
2. Add related verbs to the Filter View . ViRMoVis dis-
plays all DOs for each selected verb.
3. Choose subset of provided DOs related to a feature.
ViRMoVisdisplays all uses of the selected verb-DO pairs.
4. Inspect the results

We used AOIGBuilder to construct an AOIG for JHot-
Draw, a Java drawing application implemented as an
exercise in good design. As a test forViRMoVis, we
used it to locate the feature activate tool . This fea-
ture corresponds to a user choosing a tool (such as a
pen or an eraser) and the application activating that
tool for use on the drawing pane.

To nd activate tools we rst input the verb \ac-
tivate" into the Filter View . Then, we can right click
on \activate”, and a menu will provide related verbs
that appear in the program, such as \Activated", \acti-
vating", and even synonyms such as \start". The user
decides to just add verbs that are variations of the stem
\activate". Under each verb that is added to the Filter
View, a list of all the DOs that it acts upon are provided.
We select a subset of the DOs that are related to \tool"



Figure 8: Partial Filter and All Returned Nodes

as shown in Figure 8. We do not select DOs that re-
fer to speci c types of tools (such as Text Area Tool),
because we are only interested in the generic tool acti-
vating framework, not each speci c tool. Upon de ning
the lter, the Uses View is updated, returning all uses
in the program that match a selected verb and a se-
lected DO in the lter. A partial view of the Iter and

a complete view of the results are shown in Figure 8.
The Uses View returns 7 les, 6 of which we consider
to be the core of the activate tool feature.

Of course, now the user still has to understand how
this set of modules interacts to form the feature, yet the
task has become much easier, because the user only has
to analyze an extremely small subset of methods and
classes. In fact, give this subset, the user can use com-
mercially available reverse engineering tools to create
UML diagrams which show the interactions between the
modules. This can enable the user to quickly nd and
then understand a feature which was previously hidden.

5.5 Contributions to Feature Location

Feature location is a building block for many program-
ming activities, and ViRMoVis speeds feature location.
Although it is di cult to speculate exactly how a user
might locate activate tool without our tool, we can
inspect the relationships between all les in the feature,
generating an approximation of how di cult this task
might be. In Figure 9, we present these relationships,
and an ordered path of how a user could traverse these
relationships to nd these les. Each box represents a
class, each white box represents an interface, and each
circled number indicates the order of events. Given the
number of relationships the user could potentially fol-
low and the complexity of the methods involved in this
feature, we believe that using the ViRMoViswill lead to
faster feature location for most users. (The gure only
shows the correct path. At each method, for instance,
the user could potentially follow an irrelevant method
call.) ViRMoVis allows users to avoid these long and ob-
scure structural paths. The user without the ViRMoVis
is at a further disadvantage, because even nding a
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Figure 9: Feature Location in a Modern IDE

starting part of the feature could be di cult, as lexical
searches break easily (e.g., searching fodelete when
the user used deleting in code will return nothing).
ViRMoVis provides a way of including semantically re-
lated words (i.e., synonyms) and morphologically related
words (e.g., delete and deleting ) in a search.

6. WORKING SET RECOVERY
6.1 Problem and Background

Consider another common programming task, the re-
covery of a working set of modules. We de ne working
sets as the union of several features, because, with the
use of the AOIG, working set recovery reduces to several
feature recoveries. Consider the following hypothetical
situation. If a programmer is working on a speci ¢ task
on Friday, yet does not nish before the end of the day,
and he attempts to return to that task on Monday he
will often have to recover a working set, in order to



understand and manipulate that code. The program-
mer in our example was working on the feature load
drawing becauselmage objects were not being loaded
correctly. In order to perform this task the developer
has to understand both the way a drawing is loaded and
speci cally how images are handled within that system.
We consider this to be the union of two features, load
drawing and load image .

Researchers have also done work on discovering and
storing working sets [32, 17]. Working sets can be de-
duced by tracking the les a programmer inspects. Then,
a working set aware view of a program's les can greatly
reduce the complexity of maintaining a working set [17].
Developers can also explicitly specify and save a working
set, for working on the same feature in the future [32].
This is similar (but more robust) than the Eclipse's
notion of a working set, which allows for a subset of
the overall workspace to be speci ed as a working set.
The AOIG is meant to be used in conjunction with
these kinds of tools, and it supplements their advan-
tages with its ability to nd modules in working sets
prior to a developer visiting or specifying that module.
If no developer has previously visited or speci ed a par-
ticular working set, our tool can still be used to nd it,
whereas the previous tools do not ease this task. De-
velopers can use querying systems to nd working sets,
and save these queries to quickly virtually remodularize
code when returning to that task [4, 32]. These tools
are similar because they query programs to nd a con-
cern, but they query more traditional program struc-
tures (call graph, data ow information, etc.), whereas
we query the AOIG.

6.2 Requirements

A working set of program modules corresponds to
some task that the developer is completing. The devel-
oper must have a high-level idea of what he is working
on. We propose that these high-level ideas can be bro-
ken down into action-object pairs. A particular task can
involve several di erent action-object pairs. We propose
then, that working set recovery reduces toone or more
instances of the feature location problem. Therefore, a
working set recovery tool must locate several, possibly
independent, features.

6.3 Finding Working Sets with viRmovis

We can useViRMoVisto easily represent a particular
working set, because it deals with only one set of verbs.
If a working set involves more than one set of verbs,
it would be better to have several panes like the one
in Figure 8, and we plan this addition in a future ver-
sion. If we were searching for code related to the groups
fload, restore g and fsave, restore g we could use
one pane for each group.

The user begins by inputting the verb \load" into
the Filter View , and adding \restore","resurrects”, and
variations of those words via the related words menu.
The user looks at a few of the returned results by dou-
ble clicking on the les in the Uses View (displaying
the source code in the editor). He realizes that in al-
most every le the word readis used as a synonym to
load, which is logical in this domain, so he adds read

to the Filter View . He is then able to select all verbs
and all DOs in the Filter View that correlate with what

he is looking for. He selects all of the verbs in the Fil-
ter View, but only a subset of the DOs (i.e., drawing,

image, drawings, images, default drawing, the Image,
etc.). This causes the Uses View to return a set that is

almost identical to the desired working set.

6.4 Contributions

We have generalized the task of recovering a working
set, stating that it reduces to several instances of fea-
ture location. This uni es previously separate research
e orts.

As noted previously, it is di cult to mimic a potential
user's process, so we discuss inherent areas of di culty
associated with this task. A major diculty of this
task is the large number of times that the word load
appears in the program. It appears in 124 les. With
ViRMoViswe can avoid large search results by specifying
which verb-DO pair we are interested in (and ignoring
uses of load with other DOs). Investigating many of
these les, such as the TextFigure le, will reveal only
how that class is stored; a user must follow references
from the TextFigure class (or the many other imple-
mentors of the Storable interface) to understand how
the persistence system is implemented. ViRMoVis allows
the developer to avoid following long structural paths by
connecting les through the uses of verb-DO pairs.

Another di culty is locating only the les that are
related to loading an image. Since a lexical search for
load returns so many les, a user might also search
for image. However, this search returns many results
as well. ViRMoVis allows the user to specify a search
for both image and load , returning only the points
where load interacts with image (avoiding chance co-
locations of load and image).

7. ASPECT MINING AND NAVIGATION
7.1 Problem and Background

Researchers have investigated several ways to nd op-
portunities for refactoring into an aspect-oriented pro-
gram. The most promising techniques for semi-automated
aspect mining are from lexical-based tools and individ-
ual program analyses. Lexical search-based tools, such
as AMT [15] and the Aspect Browser [14], were designed
to leverage the power of a lexical search. They are par-
ticularly good at visualizing the scattering of certain
types of concerns, as they can display the results of
their string searches as highlighted lines on a source-
code model. These tools rely on lexical searches, which
are known to be fragile, and do not provide a method
for systematically mining aspects in favor of a more on-
demand approach. The user must have text to search
for, instead of the tool providing the most scattered fea-
ture. Individual aspect mining analyses, which auto-
matically identify a set of refactoring candidates, have
also shown promise [23, 9]. These types of analyses
have done better when combined to form a more gen-
eral framework [34]. These types of analyses can give
the user line numbers of code to refactor, but they do



not group line numbers into coherent concerns (such as
all line numbers related to caching), so manual process-
ing is required afterwards.

7.2 Requirements of a Mining Tool

A mining tool should be able to help a developer mine
concerns he knows exist as well as concerns which he is
unaware of, but are poorly modularized. The second
is particularly valuable for a developer who wishes to
increase the readability, maintainability, and usability —of
his code in a systematic manner. A mining tool should
rank concerns from worse modularized to best, so that
the developer can concentrate his refactoring e orts on
concerns that are more likely to slow the development
process. We focus on the process of identifying seeds,
or starting points, for refactoring. Given a set of seeds
related to a speci ¢ concern, a developer must manually
expand this set to include all of the concern's code by
following structural links from the initial seeds. This is
consistent with the state of the art in aspect mining.

7.3 Implementation of ccverbFinder

In order to validate the usefulness for aspect mining,
we have constructed a simple mining tool which uses
the AOIG. As with other tools, this tool represents a

rst step in using the AOIG for this purpose, and we
expect to build on it and extend its functionality in the
future. We built the CCVerbFinder to nd verbs that
crosscut the system, and are therefore good candidates
for refactoring. The CCVerbFinder nds these crosscut-
ting verbs by traversing the AOIG, starting at each in-
dividual verb node in the verb node set of the AOIG, (or
verb-DO node if the desired data is with respect to verb-
DO pairs). For each verb node v, the CCVerbFinder tra-
verses the pairing edges fromv to the reachable verb-DO
nodes, and then traverses the use edges from the reach-
able verb-DO nodes, ending at the use nodes reach-
able from the starting verb node v. The CCVerbFinder
counts the number of unique les that contain reachable
use nodes, and reports this crosscutcount for the verb
V.

In Figure 4, if the CCVerbFinder was counting for the
verb node labeled verbl, it would traverse the AOIG to
<verbl, DO1>and <verbl, DO2> From each of these
verb-DO nodes, it would traverse the use edges to nd
two uses for each verb-DO pair, for a total of 4 uses of
verbl, which occur in only three dierent les. In the
end, the verbs, or verb-DO pairs, which generate large
le counts are the most likely to implement crosscutting
concerns, because their implementation is scattered into
a number of les. In the future, this could be done at a
more ne-grained level.

7.4 A Case Study withccverbFinder

In Figure 10, we present the results of running the
CCVerbFinder on JHotDraw. The graph presents the
number of verb-DO pairs that are used in each speci-
ed number of les. For instance, there are 5 verb-DO
pairs in the system that are used in 4 di erent les, 14
verb-DO pairs used in 3 dierent les, and one verb-
DO pair that is used in 15 dierent les. This data
shows that there exists a signi cant number of verb-DO
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pairs (134 total) that are not well modularized (assum-
ing most verb-DO pairs implemented in 3 or more les
are likely to be not well-modularized). A few exam-
ples of verb-DO pairs that were not well-modularized
are (check, undoable ), (deactivate, strategy ), and
(disable, tool ). We believe that refactoring these verb-
DO pairs into an AOP language could dramatically de-
crease the time spent on development and maintenance.
For many tasks, understanding the surrounding soft-
ware is simple, because of good OOP style. However,
in the cases where the task involves a scattered verb-
DO pair, locating all related code can take an arbitrar-
ily large amount of time, because there is often only
an obscure structural link between the two (or more)
segments of related code. Therefore, if many scattered
verb-DO pairs exist in a system, a given task is likely
to involve one, and could require an arbitrarily large
amount of time. If most pairs were refactored into a
better modularization, the developer could access pro-
gram features without such a burden.

When viewing verb-DO information, we are consid-
ering a ne-grained view of the system. CCVerbFinder
also presents a courser-grained view. In Figure 11, we
present how verbs are used in JHotDraw. Figure 11
shows that there are 28 verbs that are used in 3 les,
13 verbs used in 5 les, and 3 in 24 les. A large hum-



ber of verbs (39 total) are not well-modularized. A few
examples of these verbs areinvalidate , deactivate |,
and redo. Refactoring these verbs could dramatically
increase the readability of the system. Refactoring also
should improve the consistency of the code, since a verb
that is implemented in many di erent places tends to
achieve poorer consistency than one implemented in a
single module.

7.5 Contributions to Aspect Mining

A key contribution of our tool is that it automatically
nds sets of code to refactor, and it can present these
sets in order of severity. This provides the devel-
oper with a systematic way of decreasing the amount of
crosscutting in his system. Without the CCVerbFinder
the developer is limited to using either tools that re-
quire input, such as a search string, or tools that oper-
ate on a low-level representation of the program. Tools
that require search strings are not helpful for system-
atically eliminating crosscutting concerns from a sys-
tem, because you rst have to discover that a particular
string is part of a CCC before searching for it. Program
analyses that operate on low level representations of a
program can nd some aspects accurately, but they do
not group code together into a coherent concern. The
CCVerbFinder presents, as a result, a coherent concern
related to only one concept, which can be refactored into
an AOP module that represents that concept.

In its current implementation, the CCVerbFinder can
present the verbs that crosscut the highest number of
les rst. In the future, we plan to add other heuristics,
such as counting a parent and child class as only one
le, to rank these verbs in a more appropriate order.
The CCVerbFinder provides a systematic way to nd
and eliminate crosscutting concerns from your system.

8. OTHER RELATED WORK

Researchers have investigated using NLP to under-
stand source code. Speci cally, they have investigated
how to create links from design level documents to the
corresponding design patterns in code by using semi-
automated NLP methods [5]. Our work does not seek
to link code to design, only to facilitate browsing the ex-
isting features, and our technique is highly automated,
whereas this work was semi-automated. Researchers
have also usedconceptual graphsto represent programs,
for use in code retrieval [26]. A conceptual graph con-
tains structural program information and some higher
level information that a reasoner can operate on logi-
cally to deduce new information. The conceptual graph
is not as focused on the high level, natural language
clues that a programmer leaves in code.

Researchers have used language clues to mine aspects
in requirements [33, 3]. Some of this work has auto-
mated the NLP part [33], but others remain slightly
less automated [3]. Both of these works focus on the
requirements level, where we focus on the actual code.
A focus of one tool is to identify stakeholders, in order
to generate viewpoints of the system. This approach
also identi es action words which can then be used to
link associated words and also identi es a set of words

associated with known aspects [33].

9. CONCLUSIONS

In this paper, we have introduced the Action-Oriented
Identi er Graph, which helps to re-connect the scat-
tered actions throughout a program. We have shown
that NLP technology is su ciently robust to automat-
ically construct the AOIG graph for a given program
to support the construction of useful software engineer-
ing tools. We have also demonstrated how the AOIG
could be used to help with common programming tasks
that are otherwise time-consuming in a modern pro-
gramming environment. We anticipate a useful future
for the AOIG, and believe it can assist developers in fea-
ture location, working set recovery/discovery, and gen-
eral program navigation.

This paper focused on the NLP analysis and tools
that utilize it. We believe that additional bene ts can
be derived by integrating such NLP analysis with meth-
ods being used currently for these applications. For in-
stance, it should be straightforward to extend our tools
to obtain the functionality of full lexical search. Further
we believe that there is considerable scope to integrate
NLP analysis with both dynamic and static program
analysis and that such integration will lead to tools that
add to the capabilities derived from the individual com-
ponents.
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