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Abstract sufficient understanding of the system to perform the
required operations [16, 15]. Such software artifacts could
Initial program comprehension could benefit from know- include the source code, documentation and/or abstractions
ing the most important classes in the system under studyfrom the reverse engineering process.
Typically, in well-designed object-oriented programs, a few
key classes work tightly together to provide the bulk of the Estimates go as far as stating that a programmer spends
functionality. Therefore, a viable strategy is to investigate 40% of the time-budget of a maintenance operation on
highly coupled classes, as these are likely to be elements oprogram comprehension [21, 17, 3]. Although gaining
the core design of a software system. Previous research hasinderstanding is a daunting task and is often sped-up to
shown that using webmining principles in combination with deliver the project in the shortest possible timeframe [5] it
dynamic coupling metrics can help in establishing a set of is absolutely necessary to get an adequate understanding of
first-to-be-looked-at classes when familiarizing oneself with a software system before making changes.
a software system. This paper describes the results of ap-
plying this technique on ArgoUML. Dynamic analysis can be very helpful for understand-
ing the behavior of a large system. Understanding an
Keywords: Dynamic analysis, program comprehension, object-oriented system, for example, can be very hard if

coupling metrics, webmining, ArgoUML. one relies solely on the source code and static analysis. Due
to the abundant use of polymorphism in object oriented
1 Introduction software, the relationships between the system artifacts

tend to be obscure [11].

Reverse engineering is defined as the analysis of a ) )
system in order to identify its current components and their Pynamic data gathered from the execution of a sce-
dependencies and to create abstractions of the system§ario of the program is typically stored in so-called
design [2]. In practice, any reverse engineering Operatione?(ecution traces. These exechion traces tend to explode in
almost always takes place in service of a specific purpose SiZ€; as the amount of dynamic data collected during the
such as re-engineering to add a specific feature, mainte£x€cution of a simple scenario is huge [11, 9].
nance to improve the efficiency of a process, reuse of some>resenting this data to the user, without any form of
of its modules in a new system, etc. [18, 20]. In order Processing is — due to its size — quite useless. What is
to perform any of these operations the software engineer€eded is a technique that improves the intelligibility of the
must comprehend a given program sufficiently well to plan, trace. In other words: the huge trace has to be chunked
design and implement modifications and/or additions. in readable and understandable parts. Preferably, these
chunks presented to the user are essential in building up the
As such, program comprehension can be defined asknowledge of the software project under study.
the process the software engineer goes through Wherﬁmstmg_ solutions rely on V|su_aI|zat|0n schemes for
studying the software artifacts, with as ultimate goal the Presenting the trace to the user in a readable and under-



standable way [4, 12, 13, 19]. The amount of data however,

remains the same. As such, it is up to the user to decide @ @ @
which information is appropriate and which information

he/she actually needs. Another approach in this context is

applying heuristics to the event trace in order to find either

(1) what parts of the trace can be removed without losing @ @
information (e.g. duplicate parts) or (2) what parts of the

trace are absolutely necessary in order to extract moderately
sized high-level representations from it [11, 7, 6].

The research presented in this paper should be situated in Figure 1. Example web-graph
the latter category.

Recently there have been a number of interesting ad-This section will explain how webmining algorithms, that
vances within this branch of research [9, 11, 10, 22]. are iterative-recursive in nature, can be used for expressing
All techniques presented are targeted towards enablingthistransitiveness

program comprehension in a dynamic analysis context.

However, in order to make an adequate comparison of2 1 |ntroduction to webmining

these techniques, these techniques should all be applied on

a common case study. The research presented in this paper |, datamining,

. . . o many successful techniques have been
is a first step in that direction.

developed to analyze the structure of the web [1, 8, 14].
Typically, these methods consider the Internet as a large
graph, in which, based solely on the hyperlink structure,
important web pages can be identified. In this section we
show how to apply these successful web mining technigues
to a compacted call graph of a program trace, in order to
uncover important classes.

This paper presents the results of applying the HITS
webmining algorithm [14] on dynamic coupling measures
[22]. As a common case for comparing different program
comprehension tools, ArgoUML was chosen. ArgoUML
is a CASE (Computer Aided Software Engineering) tool
that allows for graphical software design. Its concept is

centered around open source and open standards such #rst we introduce the HITS webmining-algorithm [14] to
XML, SVG and PGML. identify so-called hubs and authorities on the web. Then,
the HITS algorithm is combined with the compacted call
graph. Through our case studies we will show that the
classes that are associated with good “hubs” in the com-
pacted call graph are good candidates for early program
understanding.

The structure of this paper can be summarized as fol-
lows: in Section 2 we very briefly explain our technique.
Section 3 shows the results of applying our technique on
ArgoUML, while Section 4 concludes with future work and
the conclusion.

2.2 Identifying hubs in large webgraphs
2 Webmining
In [14], the notions ofhub and authority were intro-

Using coupling measures to determine which classesduced. Intuitively, on the one hand, hubs are pages that
"distribute” functionality in an application seems to be a rather refer to pages containing information then being
good starting point for determining which classes to exam- informative themselves. Standard examples include web
ine first during early program comprehension. By using directories, lists of personal pages, ... On the other hand, a
dynamic coupling measures, one eliminates the drawbackpage is called an authority if it contains useful information.
that polymorphism isn’t taken into consideration. However, The HITS algorithm is based on this relation between hubs
one of the drawbacks of using (dynamic coupling) mea- and authorities.
sures is that each coupling measure is calculated between
two classes. As such, a claBswhich is weakly coupled Example Consider the webgraph given in Figure 1.
to a classB, which itself is tightly coupled to several other In this graph,2 and3 will be good authorities, and and
classes, will remain a weakly coupled class. Nevertheless5 will be good hubs, and will be a less good hub. The
A can have a great impact &and all classes th&is cou- authority of2 will be larger than the authority &f, because
pled to. We want to address this situation, by looking at the only in-links that they do not have in common are
a measure of coupling that can best be described as beind — 2 and2 — 3, and1 is a better hub tha. 4 and5 are
transitive better hubs tham, as they point to better authorities.



graph; it shows an edge between two classes>MB if
The HITS algorithm works as follows. Every page  an instance of class A sends a message to an instance of
gets assigned to it two numbers; denotes the authority class B. As such, the compacted call graph doesn’t has the
of the page, while:; denotes the hubiness. An edge like complete calling-structure information of the program run,
1 — j denotes that there is a hyperlink from page page but it does have the data for each class-interaction in it.
7. The weights on the edges give an indication of the tightness
It is also possible to add weights to the edges in the graph.of the collaboration as it is the number of distinct messages
Adding weights to the graph can be interesting to capturethat are sent between instances of both classes. More
the fact that some edges are more important than othersformally:
Letw[i, 7] be the weight of the edge from pag® page;.
The recursive relation between authority and hubiness is weight(A, B) |UM ai,b
captured by the following formulas.

wherea; andb; are instances of respectively cladsand

hi = Zw[z’ﬂ "4 (D) classB and M (a, b) is the set of messages sent from a to
Y b. Also, to exclude cohesiond # B. In this context a

a; = Zw[z‘,j} < hy (2) message is defined by its signature and thus by the type(s)
i—j of its formal parameter(s).

The algorithm starts with initializing alk’s and a’s to
1, and repeatedly updates the values for all pages, using Main
the formulas (1) and (2). If after each update the values
are normalized, this algorithm is known to converge to

stable sets of authority and hub weights. The convergence

criterion, i.e. until the sum of absolute values of weight Task

changes fall below a constant threshold, is shown to be 45/ };
reached around eleven iterations [14]. Element 7 v Thread
In the context of webmining, the identification of hubs Dependency

and authorities by the HITS algorithm has turned out to
be very useful. Because HITS only uses the links between
webpages, and not the actual content, it can be used on
arbitrary graphs to identify important hubs and authorities.

Figure 2. A compacted call graph

2.3 Applying webmining to execution traces 3 Applying the technique on ArgoUML

Within our problem domain, hubs can be considered 3.1 About ArgoUML

coordinating classes while authorities correspond to

classes providing small functionalities that are used by ArgoUML is an open source, Java-written CASE tool

many other classes. As such, hubs and authorities arghat embraces open standards such as XMI, SVG and

conceptually similar to respectively import and export cou- PGML. It allows to design an application through a UML

pling. Again we expect hub classes to play a pivotal role in class diagram and has code-generation capabilities.

a system’s architecture. Therefore, hubs are excellent can-

didates for beginning the program comprehension processArgoUML is centered around the concept opwject A

or for gaining quick and initial program understanding [22]. single project can be open at any time. One project corre-
sponds to anodelplus diagram information, i.e. everything

In order to apply the HITS webmining algorithm to you can edit within the ArgoUML window. This model

execution traces, an abstraction of the trace in the form ofcan contain manymodelelementsvhich form the complete

a graph has to be made. Because a trace can be seen &ML description of the system you are describing.

a large tree that contains the complete calling sequence

of a program run, it is not so difficult to transform this ArgoUML requires a number of libraries in order to

large tree into a more compact call graph. Figure 2 showsfunction, namely an XML parser (Xerces), a parser

an example of a so-calledompacted call graph The generator (Antlr), a logging framwork (log4j) and an

compacted call graph is derived from the dynamic call internationalization library (i18n). For the purposes of our



program comprehension task, we excluded these libraries
and/or frameworks from our analysis.
This leaves us with:

e 523 classes that form the core of ArgoUML

e 321 classes from external libraries (e.g. Sourceforge’s
Novosoft UML library and the OCL library from TU
Dresden). We decided to include these external li-
braries because they form an integral part of the so-
lution in the problem domain.

3.2 Execution scenario

Because our technique is based on dynamic analysis, &

carefully chosen execution scenario is an necessity. The ex
ecution scenario we used for this small experiment was:

e Starting up ArgoUML

e Drawing a small class diagram which contains 6
classes

e Saving the project

e Quitting ArgoUML
3.3 Results

In our previous experiments with this technique, we have
noticed that around 10% of the classes of a system shoulg

be considered as key classes for initial program understandr-

ing. For evaluation purposes, we considered the 15% high-
est ranked classes of our technique in those experiments, t
give our heuristic a certain margin of error.

However, those software systems under study, where lim-
ited to between 100 and 150 classes, while in the case o
ArgoUML, we are considering more than 500 classes. Be-
cause of the size of the project, we have decided to limit the
results of our technique, to the 50 highest-ranked classes (0
just below 10%). These results are shown in Table 1.

4 Conclusion and future work

The documentation of ArgoUML doesn’t allow for an
immediate benchmark as to how effective our technique is
for detecting the key classes in ArgoUML for initial pro-
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gram comprehension. As such, no real conclusions can be Table 1. 50 most important classes from Ar-

drawn.

goUML

This paper must be seen as a first step in a larger study that
compares recent research that aims at developing program

comprehension support-tools based on dynamic analysis.
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