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Abstract

As the size of software systems continues to grow,
understanding the structure of these systems gets
harder. This coupled with associated problems such
as of lack of current documentation, and the limited
or nonexistent availability of the original designers of
the system, adds further difficulty to the job of soft-
ware professionals trying to understand the structure
of large and complex systems. The application of clus-
tering techniques and tools to software systems helps
software designers, developers, and maintenance pro-
grammers by recovering high-level views of system de-
signs.
In this paper we survey clustering approaches

that have been developed by software engineering re-
searchers. We also examine classical clustering tech-
niques that have been applied in mathematics, science,
and engineering, and investigate how these techniques
have been adapted to work in the software domain. We
conclude with a discussion of open research challenges
related to software clustering.

1. Introduction

People look for abstractions to organize and cate-
gorize data so that similar data is grouped together
and treated as a single logical entity. This grouping
(clustering) reduces the amount of data that must be
understood, which makes the original problem easier
to understand.

Clustering has been applied in the fields of math-
ematics, social sciences, engineering and biology for
many years. However, only within the last 25 years
have researchers investigated and applied clustering
techniques to the software domain. This work has re-
sulted in new clustering techniques, as well as the adap-
tation of classical clustering techniques to the partic-
ularities of the software domain. This work has fur-

thermore influenced the development of new program-
ming languages (e.g., classes/methods as abstractions
of data and functions), which have, in turn, changed
how we design systems.

1.1. The Complexity of Understanding the Struc-
ture of Software Systems

Most interesting software systems are large and com-
plex, and as a consequence, understanding the struc-
ture of these systems is difficult. One of the primary
reasons for this complexity is that these software sys-
tems are composed of many entities (e.g., classes, mod-
ules, variables), which depend on each other in intricate
ways (e.g., procedure calls, inheritance relationships,
variable references). Additionally, once an understand-
ing of the system structure is formed, it is difficult to
maintain, because software systems tend to evolve dur-
ing maintenance.

Software Engineering textbooks advocate the use of
documentation as an essential tool for describing a sys-
tem’s intended behavior, and for capturing the sys-
tem’s structure. Clearly, in order to be useful to future
software maintainers, a system’s documentation must
be current with respect to any software changes. In
practice, however, we often find that accurate and cur-
rent design documentation does not exist. This prob-
lem is exacerbated because the original designers and
developers of the system are often no longer available
for consultation. Often the designers have found a new
job, or are working on another project with deadlines
that preclude them from providing advice to the cur-
rent maintainers of the system. While documentation
tools such as javadoc make the task of searching for key
documentation in source code easier, these tools are of
little value to software practitioners who are trying to
understand the design structure of a software system.

In the absence of advice or documentation about a
system’s structure, software maintainers are left with
several choices. First, they can manually inspect the



source code to develop a mental model of the system
organization. This approach is often not practical be-
cause of the large number of dependencies between
the source code components. Another alternative that
is now becoming available to software maintainers is
to use automated tools to produce useful information
about the system structure. A primary goal of these
tools is to analyze the low-level dependencies in the
source code, and cluster them into meaningful subsys-
tems.

A subsystem is a collection of source code resources
that closely collaborate with each other to implement
a high-level feature, or provide a high-level service to
the rest of the system. Typical source code resources
that are found in subsystems include modules, classes,
and in some cases, even other subsystems. Subsystems
facilitate program understanding by logically treating
many low-level source code resources as a single high-
level entity. Interesting enough, subsystems are not
specified in the source code explicitly, as most program-
ming languages do not support this kind of structuring
yet.

We have, however, seen some developments in pro-
gramming language design to allow programmers to
group low-level source code entities into common struc-
tures. While these language features can be used to
represent subsystems, the actual placement of source
code entitles into commonly named structures relies on
programmer convention. For example, consider Java
packages and C++ namespaces. These programming
language features associate different source code en-
tities with a common name (e.g., java.io.print(),
java.io.println()).

Because source code lacks the descriptiveness neces-
sary to specify subsystems, researchers have been in-
vestigating other ways to represent subsystems. Sev-
eral researchers have developed module interconnection
languages (MIL)[9, 23, 6, 15], which are structured text
specifications of a software design that typically include
the ability to specify subsystems.

Mancoridis[15] presents a novel approach to spec-
ifying system components (including subsystems) and
dependencies that is based on the Interconnection Style
Formalism (ISF). ISF is a visual formalism for speci-
fying high-level system designs and constraints on the
designs. One problem with MILs and ISF is that they
are documentation that must be maintained indepen-
dent of the source code. A well-known problem in
software engineering is keeping external documentation
consistent with the source code as the system under-
goes maintenance.

Even without programming language support for
subsystems, developers often organize their source code

into a set of subsystems. For example, consider the
FileSystem subsystem of an operating system. We
would expect this subsystem to include modules that
support local files, remote files, mounting file systems,
and so on. The question is, in the absence of this
knowledge from designers, can the key subsystems of a
software system be recovered directly from the source
code?

We think the answer to the above question is yes.
Thus far, however, creating tools to do so has proven
to be difficult because automatically clustering soft-
ware systems into subsystems is a hard problem. To
illustrate this point consider representing the structure
of a software system as a directed graph. The graph is
formed by representing the modules of the system as
nodes, and the dependencies between the modules as
edges. We refer to this graph as the Module Depen-
dency Graph (MDG) of a software system. Each par-
tition of the MDG consists of a set of non-overlapping
clusters that cover all of the nodes of the graph. The
goal is to partition the MDG into meaningful subsys-
tems.

Given an MDG with n components that are parti-
tioned into k distinct clusters (subsystems), the num-
ber of ways to cluster the MDG satisfies the recurrence
relation:

Sn,k =

{

1 if k = 1 or k = n

Sn−1,k−1 + Sn−1,k otherwise

The entries Sn,k are called Stirling Numbers. As the
recurrence relation shows, the number of ways to par-
tition the MDG into subsystems grows exponentially
with respect to the number of modules in the system.
We are only interested in partitions of the MDG that
represent the subsystem structure of the source code,
which are few relative to the total possible number of
partitions. Hence, we need a technique to quickly filter
out the ”uninteresting” partitions and ”discover” parti-
tions that are representative of the subsystem structure
of the system being analyzed.

Clustering systems using only the source code com-
ponents and relationships is a hard problem. Other
research has shown that most graph partitioning algo-
rithms are NP complete or NP hard. We expect that
the general problem of clustering software systems is
NP hard, however, the formal proof of this remains an
open problem. Most researchers have addressed the
software clustering problem by using heuristics to re-
duce the execution complexity to a polynomial upper
bound.



1.2. Overview of the Paper

The goal of this paper is to survey the research area
of software clustering. In particular, we will investigate
the established work in the area of software clustering.
We will also examine research conducted in the area
of classical clustering from the perspective of adopting
these techniques to the software domain.

The remainder of this paper is organized as follows.
In Section 2 we survey both software and classical clus-
tering research. In Section 3 we investigate represen-
tation, similarity and algorithms that have been used
for implementing clustering systems. In Section 4 we
present some common observations found in the clus-
tering research. In Section refSourceCodeVisualization
we examine research in complementary fields including
source code analysis and visualization. In Section 6
we conclude with a presentation of open research chal-
lenges in software clustering.

2. Historical Perspectives

Over the past few years there has been significant
research activity in the field of reverse engineering.
There are several reasons for this. First, with the
year 2000 approaching, information technology pro-
fessionals have spent significant amounts of time ver-
ifying that their software will work beyond the year
2000. Much of this software was remediated to work
after the year 2000 by individuals who had no access
to the original system designers. Second, there have
been rapid changes in the software industry develop-
ment processes. Just in the past few years we have
seen information technology systems migrate from a
two-tiered, to a three-tiered, to an n-tiered 1 (browser-
based) client/server architectural model. Each time
the system architecture changes, developers must un-
derstand how to adopt the previous version of their
software to fit the new architectural model. The above

1Industry literature commonly refers to n-tiered architectures
as systems that are logically decomposed into presentation (user-
interface), application logic and data access components. Each
tier exposes an interface that may be deployed on a different
computer and accessed over a computer network. Two-tiered ar-
chitectures separate the data access from the presentation and
application logic, which are combined into a single tier. Three-
tiered architectures are designed with logical independence be-
tween the presentation, application logic, and data access com-
ponents. With n-tiered architectures, the application logic and
data access components are typically distributed across many
physical hardware systems, and the presentation layer is often
constructed using browser technology. Middleware frameworks
such as Microsoft’s DCOM, Javasoft’s EJB, and CORBA are
typically used to facilitate the distribution between the applica-
tion components.

situations are forcing software professionals to under-
stand, and in some cases, remodularize vast amounts
of source code. Software clustering tools can help these
individuals by providing automated assistance for re-
covering the source code structure of large and complex
systems.

Given the timely importance of helping software
professionals understand the structure of source code,
the remainder of this section will review work per-
formed by researchers in the area of software clustering.

In the earliest days of computing, the need for
clustering low-level software entities, into higher-level
structures (called modules) was identified. The land-
mark work of David Parnas[22] first suggested that the
”secrets” of a program should be hidden behind mod-
ule interfaces. The resultant information hiding prin-
ciple advocated that modules should be designed so
that design decisions are hidden from all other modules.
Parnas suggested that interfaces to modules should be
created to supply a well-defined mechanism for inter-
acting with the modules’ internal algorithms. Parnas
suggested a programmer discipline whereby procedures
that act on common data structures should be grouped
(clustered) into common modules. Much of the basis
for object-oriented design techniques evolved from Par-
nas’s ideas.

Objected oriented techniques provide an initial level
of clustering by grouping related data, and functions
that operates on the data, into classes. Booch[3] sug-
gests that, during the design process, a system should
be decomposed into collaborating autonomous agents
(a.k.a. objects) to perform some higher-level system
behavior. Booch stresses the importance of using ab-
straction in design to focus on the similarities between
related objects, encapsulation to promote information
hiding, organizing design abstractions into hierarchies
to simplify understanding, and using modularity to
promote strong cohesion and loose coupling between
classes. 2 Almost all research in software clustering
concentrates on one or more of these concepts.

Information hiding and object oriented design em-
body some of the fundamental concepts of software
clustering into the design process. However, without
the availability of this design information, how can a
programmer gain insight into the structure of the sys-
tem? Furthermore, as a program undergoes mainte-
nance, how can we ensure that the structure of the
source code still agrees with the original design? We

2Cohesion and coupling measure the degree of component in-
dependence. Cohesion is a measurement of the internal strength
of a module or subsystem. Coupling measures the degree of de-
pendence between distinct modules or subsystems. According
to Sommerville[28], well designed systems should exhibit high
cohesion and low coupling.



will address these questions in the subsequent sections
of this paper. The remainder of this section examines
important research contributions in software cluster-
ing.

2.1. Software Clustering Research

In an early paper on software clustering, Hutchens
and Basili[11] introduce the concept of a data bind-
ing. A data binding classifies the similarity of two pro-
cedures based on the common variables in the static
scope of the procedures. Data bindings are very useful
for modularizing software systems because they clus-
ter procedures and variables into modules (e.g., help-
ful for migrating a program from COBOL to C++).
The authors of this paper discuss several interesting
aspects of software clustering. First, they identify the
importance of having consistency between the reverse
engineered modules and the designer’s mental model
of the system’s structure. The authors also claim that
software systems are best viewed as a hierarchy of mod-
ules, and as such, they focus on clustering methods that
exhibit their results in this fashion. Finally, the paper
addresses the software maintenance problem, and iden-
tifies the benefit of cluster analysis to verify how the
structure of a software system changes or deteriorates
over time.

Robert Schwanke’s tool Arch[25], provides a semi-
automatic approach to software clustering. Arch is de-
signed to help system architects understand the current
system structure, reorganize the system structure, in-
tegrate advice from the system architect, document the
system structure, and monitor compliance with the re-
covered structure. Schwanke’s clustering heuristics are
based on the principle of maximizing the cohesion of
procedures placed in the same module, while at the
same time, minimizing the coupling between proce-
dures that reside in different modules. Arch also sup-
ports an innovative feature called maverick analysis.
With maverick analysis, modules are refined by locat-
ing misplaced procedures. These procedures are then
prioritized and relocated to more appropriate mod-
ules. Schwanke also investigated the use of neural
networks and classifier systems to modularize software
systems[26].

In Hausi Müller’s work, we start to see the basic
building block of a cluster change from a module to a
more abstract software structure called a subsystem.
Also, Müller’s tool, Rigi[19], implements many heuris-
tics that guide software professionals during the clus-
tering process. Many of the heuristics discussed by
Müller focus on measuring the ”strength” of the inter-
faces between subsystems. A unique aspect of Müller’s

work is the concept of an omnipresent module. Of-
ten, when examining the structure of a system we find
modules that act like libraries because they provide
services to many of the other subsystems, or modules
that behave like drivers because they use many of the
other subsystems. Müller defines these modules as om-
nipresent and contends that they should not be con-
sidered when performing cluster analysis because they
obscure the system’s structure. One last interesting
aspect of Müller’s work is the notion that the mod-
ule names themselves can be used to make clustering
decisions. Later in this section we will discuss recent
work by Anquetil and Lethbridge[2] who investigated
this technique in more detail.

The work of Schwanke and Müller resulted in
semi-automatic clustering tools where user direction
is required to obtain meaningful results. Choi and
Scacchi’s[6] paper describes a fully automatic cluster-
ing technique that is based on maximizing cohesion.
Their clustering algorithm starts with a directed graph
called a resource flow diagram (RFD) and uses the ar-
ticulation points of the RFD as the basis for forming
a hierarchy of subsystems. The RFD is constructed by
placing an arc from A to B if module A provides one
or more resources to module B. Their clustering algo-
rithm searches for articulation points, which are nodes
in the RFD that divide the RFD graph into two or more
connected components. Each articulation point and
connected component of the RFD is used as the start-
ing point for forming subsystems. Choi and Scacchi
also used the NuMIL architectural description language
to specify the resultant design of the system. They ar-
gue that NuMIL provides a hierarchical description of
modules and subsystems, which is not directly specified
in the flat structure of the system’s source code.

Lindig and Snelting[14] propose a software modular-
ization technique based on mathematical concept anal-
ysis. In their paper, they present a formalism for mod-
ule structures, which includes formal definitions for an
abstract data object (module), cohesion, coupling, and
a mathematical concept. Their work is conceptually
similar to Hutchens and Basili[11] where the goal is
to cluster procedures and variables into modules based
on shared global variable dependencies between proce-
dures.

The first step in their software modularization tech-
nique is to generate a variable usage table. This ta-
ble captures the shared global variables that are used
by each procedure in the system. The authors then
present a technique for converting the table into a con-
cept lattice. A concept lattice is a convenient way to
visualize the variable relationships between the proce-
dures in the system. The next step in their modulariza-



tion technique involves systematically updating proce-
dure interfaces to remove dependencies on global data
(the variable can be passed via the procedures interface
instead). The goal is to transform the concept lattice
into a tree-like structure. Once this transformation is
accomplished, the modules are easily formed. The au-
thors describe two techniques for accomplishing this
transformation: modularization by interface resolution
and modularization via block relations. Unfortunately,
the authors were not able to modularize two large sys-
tems as part of their case study. Furthermore, their
technique would probably only offer value in program-
ming languages that rely on global data for information
sharing (i.e., COBOL, FORTRAN), but would not be
well suited for object-oriented programming languages
where data is typically encapsulated behind class in-
terfaces.

Montes de Oca and Carver[7] present a formal vi-
sual representation model for deriving and presenting
subsystem structures. Their work utilizes data mining
techniques as the basis for forming subsystems. We
agree with the authors that data mining techniques
are complementary to the software clustering problem.
Specifically:

• Data mining has been used to find non-trivial re-
lationships between elements in a database. Soft-
ware clustering tries to solve a similar problem
by forming subsystem relationships based on non-
obvious relationships between the source code en-
tities.

• Data mining can discover interesting relationships
in databases without upfront knowledge of the ob-
jects being studied. One of the significant bene-
fits of software clustering is that it can be used to
promote program understanding. As mentioned in
Section 1.1, developers who work with source code
are often unfamiliar with the intended structure of
the system.

• Data mining techniques are designed to work with
a large amount of information. Thus, the study of
data mining techniques may advance the state of
current software clustering tools. These tools typ-
ically suffer from performance problems due to the
large amount of data that needs to be processed
to develop the subsystem structures.

The authors use the dependencies of procedures on
shared files as basis for forming subsystems. How-
ever, they do not describe in detail how their simi-
larity mechanism works, as the primary goal of their
research was to develop a formal visualization model
for describing subsystems, modules, and relationships.

We believe that the authors did a good job in capturing
the requirements for a software visualization tool. For
example, they support hierarchical nesting, and singu-
lar programs, which are programs that do not belong
to a subsystem. Singular programs are very similar in
definition to Müller’s omnipresent modules[19].

Mancoridis, Mitchell et. al.[17, 16, 10, 18] treat the
software clustering problem as an optimization prob-
lem. One key aspect of our clustering technique is that
we do not attempt to cluster the native source code
entities directly into subsystems. Instead, we start
by generating a random subsystem decomposition of
the software entities. We then use optimization tech-
niques to move software entities between the randomly
generated clusters, and in some cases we even create
new clusters, to produce an ”improved” subsystem de-
composition. This process is repeated until no further
improvement is possible. The optimization process is
guided by an objective function that rewards high cohe-
sion and low coupling. We have also researched several
popular optimization search techniques that are based
on traditional hill climbing and genetic algorithms.
The capabilities described above, have been imple-
mented in a Java tool called Bunch, which we made
available for download (see http://serg.mcs.drexel.edu)

The original version of our tool clustered source code
into subsystems automatically. In fact, it is the fully
automatic clustering capability of Bunch that distin-
guishes it from related tools that require user interven-
tion to guide the clustering process. However, we have
extended Bunch over the past year to incorporate use-
ful features that have been described, and in some cases
implemented, by other researchers. For example, we in-
corporated Orphan Adoption techniques[30] for incre-
mental maintenance, Omnipresent Module support[19],
and user-directed clustering to complement Bunch’s
automatic clustering engine. These features are de-
scribed in one of our papers[16]. We are currently work-
ing on other enhancements to Bunch. Most notably, we
have created a distributed version of Bunch, and re-
placed our objective function with a faster version[18].
These changes enable Bunch to cluster larger systems
faster.

Most approaches to clustering software systems are
bottom-up. These techniques produce high-level struc-
tural views of a software system by starting with the
system’s source code. Murphy’s work with Software
Reflexion Models[20] takes a different approach by
working top-down. The goal of the Software Reflex-
ion Model is to identify differences that exist between
a designers model of the system’s structure, and the ac-
tual organization of the source code. By understanding
these differences, the designer can update the model, or



the source code can be modified to better adhere to the
organization of the system that is understood by the
designer. This technique is particularly useful to pre-
vent the systems structure from ”drifting” away from
the intended system structure as a system undergoes
maintenance.

In a recent paper, Anqetil, Fourrier and
Lethbridge[1] conduced experiments on several
hierarchal clustering algorithms. The goal of their
research was to measure the impact of altering var-
ious clustering parameters when applying classical
clustering algorithms to software remodularization
problems. The authors define 3 quality metrics that
allow the results of their experiments to be compared.
Of particular interest, is the expert decomposition
quality metric. This measurement quantifies the dif-
ference between the results of an automated clustering
experiment, and the decomposition of the same system
that is performed by an expert. The measurement
has two parts: precision (agreement between the clus-
tering method and the expert) and recall (agreement
between the expert and the clustering method). The
authors claim that many clustering methods have
good precision and poor recall.

Anqetil et. al., also claim that a clustering method
does not ”discover” the system structure, but instead,
imposes one. Furthermore, they state that it is impor-
tant to choose a clustering method that is most suited
to a particular system. We feel that this assessment is
technically correct, however, imposing a structure con-
sistent with the information hiding principle is often
desired. As such, we find that most similarity measures
are based on maximizing cohesion and minimizing cou-
pling.

The authors make another strong claim, namely
clustering based on naming conventions often produce
better results than using source code features. The
naming convention feature is based on clustering enti-
ties with similar names such as source code file names
and procedure names. Anquetil and Lethbridge[2] have
presented several case studies that show very promis-
ing results (high precision and high recall) using the
file name feature to cluster software systems.

We feel that for some systems, using a naming con-
vention feature as the basis for making clustering deci-
sions will produce good results. One potential reason
for this is that by convention some programmers spent
significant time organizing their source files into dif-
ferent directories, and to name source code files that
perform a similar function in a similar way. However,
for some systems, this approach may not work well, es-
pecially when a system has undergone maintenance by
programmers that did not thoroughly understand the

system’s structure. Using source code features as the
basis for clustering will always provide accurate infor-
mation to a clustering method, as this information is
extracted directly from the relationships that exist in
the source code.

In this section we presented a historical overview of
the important research performed in software cluster-
ing. In the next section we examine the components
necessary for constructing software clustering tools.

3. Clustering Techniques

In Section 1.1, we contend that one of the daunting
challenges facing programmers is trying to understand
the structure of the source code in the absence of for-
mal design documentation. In this section, we examine
clustering techniques that use the most up-to-date doc-
umentation of a system that is available to program-
mers - the source code. As a starting point, the survey
paper by Wiggerts[32] provides an excellent overview
of clustering approaches that, for the most part, have
been used in other disciplines. Wiggerts argues that
these classical clustering techniques can be adapted to
cluster software systems.

Wiggerts contends that there are three fundamental
issues that need to be addressed when applying cluster
analysis to software systems:

1. Representation of the entities to be clustered.

2. Measurement of the similarity between the entities
that are grouped into common subsystems.

3. Clustering algorithms that use the similarity mea-
surement.

3.1. Representation of Source Code Entities

When clustering source code components, several
things must be considered in order to determine how
to represent the entities in the software system. There
are many choices depending on the desired granular-
ity of the recovered system design. First, should the
entitles be procedures and methods, or modules and
classes? Next, the type of relationships between the
entities needs to be established. Should the relation-
ships be weighted as to provide significance to special
types of dependencies between the entities? For exam-
ple, should two entities be more related if they use a
common global variable? How does this weight com-
pare to a pair of entities that have a dependency that
is based on one entity using the public interface of an-
other entity? As an example, in the Rigi tool, the user



sets the criteria used to calculate the weight of the de-
pendency between two entities manually. In Section 6,
we identify that the identification of system entities,
and determining the weight of the dependencies be-
tween two entities, warrants additional study.

3.2. Similarity Measurements

Once the type of entities and relationships are deter-
mined, ”similarity” criteria between a pair of entities
must be established. Similarity measures are designed
so that larger values indicate a stronger similarity be-
tween the entities. For example, the Rigi tool estab-
lishes a ”weight” to represent the collective ”strength”
of the relationships between two entities. The Arch
tool uses a different similarity measurement whereby
a similarity weight is calculated by considering com-
mon features that exist, or do not exist, between a
pair of two entities. Wiggerts classifies the approach
used by the abovementioned tools as association coef-
ficients. Additional similarity measurements that have
been classified are distance measures, which determine
the dissimilarity between two entities (thus, if two en-
tities do not share a common feature, they can be con-
sidered similar), correlation coefficients, which use the
classical statistical notion of correlation to establish the
degree of similarity between two entities, and proba-
bilistic measures, which assign additional significance
to rare features that are shared between entities (i.e.,
entities which share rare features are more important
then entities which share common features).

Example Similarity Measurements

1. Rigi: Rigi’s primary similarity measurement, In-
terconnection Strength (IS), represents the exact
number of syntactic objects that are exchanged
or shared between two components. The IS mea-
surement is based on information that is con-
tained within a system’s resource flow graph
(RFG). The RFG is a directed graph G = (V,E),
where V is the set of nameable system com-
ponents, and E ⊆ V × V is a set of tuples
〈u, v〉 which indicates that component u pro-
vides a set of syntatic objects to component v.
Each edge 〈u, v〉 in the RFG contains an edge
weight (EW) that is labeled with the actual set
of syntactic objects that component u provides
to component v. For example, if class v calls a
method in class u named getCurrentTime(), then
getCurrentTime() would be included in the EW
set that labels the edge from u to v in the RFG.
Given the RFG, and the EW set for each edge in

the RFG, we can now show the IS similarity mea-
surement.

Prv(s) =
⋃

xεV
EW (s, x) Req(s) =

⋃

xεV
EW (x, s)

ER(s, x) = Req(s) ∪ Prv(x)

EP (s, x) = Prv(s) ∪Req(x)

IS(u, v) = |ER(u, v)|+ |EP (u, v)|

Thus, the interconnection strength IS between a
pair of source code entities is calculated by consid-
ering the number of shared exact requisitions (ER)
and exact provisions (EP) between two modules.
ER is the set of syntactic objects that are needed
by a module and provided by another module. EP
is the set of syntactic objects that are provided by
a module and needed by another module. Both
ER and EP are determined by examining the set
of objects that are provided by a module, Prv(s),
and the set of objects that are needed (requisi-
tioned) by a module Req(s).

2. Arch: The Arch similarity measurement[26] is
formed by normalizing an expression based on fea-
tures that are shared between two software enti-
ties, and features that are distinct to each of the
entities:

Sim(A, B) =
W (a ∩ b)

1 + c×W (a ∩ b) + d× (W (a− b) +W (b− a))

In Arch’s similarity measurement, c and d are user-
defined constants that are used to add or subtract
significance to source code features. W (a∩ b) rep-
resents the weight assigned to features that are
common to entity A and entity B. W (a − b) and
W (b − a) represent the weights assigned to fea-
tures that are distinctive to entity A or entity B,
respectively.

3. Other classical similarity measurements:

Wiggerts presents some classical similarity mea-
surements. The measurements are based on clas-
sifying how a particular software feature is shared,
or not shared between two software entities. Con-
sider the following table:

a b

c d

1 0

1

0

a:  Number of common features in entity i and entity j
b:  Number of features unique to entity j
c:  Number of features unique to entity i
d:  Number of features absent in both entity i and entity j

Entity j

E
n

ti
ty

 i

Given the above table, similarity measurements
are formed by considering the relative importance
of how features are shared between two software



entities. An interesting example is d, which rep-
resents the number of 0-0 matches, or the num-
ber of features that are absent in both entities.
According to Wiggerts, the most commonly used
similarity measurements are:

simple(i, j) =
a+ d

a+ b+ c+ d
and Jaccard(i, j) =

a

a+ b+ c

Thus, the simple measurement treats 0-0 (type d)
and 1-1 (type a) matches equally. The Jaccard
measurement does not consider 0-0 matches. In
a recent paper, Antquil et. al.[1] applied the sim-
ple and Jaccard similarity measurements to cluster
Linux, Mosaic, gcc, and a large proprietary legacy
telecommunication system. His results show that
that Jaccard gives better results then the simple
measurement.

3.3. Clustering Algorithms

Now that representation and similarity measures
have been discussed, we turn our attention to describ-
ing algorithms for software clustering. Although many
algorithms have been used for clustering, the most pop-
ular choice seems to be hierarchical algorithms.

Most hierarchical clustering algorithms start with
the low-level source code entities (i.e., modules and
classes). These entities are then clustered into subsys-
tems, which in turn, get clustered into larger subsys-
tems (i.e., subsystems that contain other subsystems).
Eventually, everything will coalesce into a single clus-
ter, resulting in a tree of clusters, where the leafs of
the tree are the source code entities, and the interior
nodes of the tree are the subsystems.

Hierarchies are found in many domains because they
allow the original problem to be studied at different
levels of detail by navigating up and down the different
levels of the hierarchy. This property is particularly
useful when applied to software understanding because
of the large amount of data that needs to be considered.

Below, we present the clustering algorithms used by
several known clustering tools:

• One of the simplest clustering algorithms is the
one supported by the Rigi tool. In Rigi, two soft-
ware entities are merged into a common subsys-
tem if the similarity measure (i.e., Interconnec-
tion Strength) exceeds the value of a user-defined
threshold.

• Arch uses a form of the classical, hierarchical ag-
glomerative clustering algorithm:

1. Place each entity in a subsystem by itself

2. Repeat

3. Identify the two most similar entities

4. Combine them into a common subsystem

5. Until the results are ”satisfactory”

• The clustering algorithm described Anquetil and
Lethbridge[2] is based on using the names of the
source code files to form subsystems:

1. Split each file name into a set of abbreviations
formed from substrings in the file names.

2. For each abbreviation found, create a cluster.

3. For each file name, put it into each of the
clusters that correspond to its abbreviations.

The authors present several techniques for decom-
posing file names into abbreviations.

• The Bunch clustering algorithm works as follows:

1. Create a module dependency graph (MDG).
MDG = (M,R), where M is the set of
named modules in the system, and R ⊆
M ×M is a set of ordered pairs 〈u, v〉 which
represents the source-level relationships that
exist between module u and module v.

2. Generate a random set of partitions of the
MDG. We refer to the entire set of partitioned
MDG’s as the population.

3. For each partition p in the population

4. Repeat

5. Let partition p′ = p

6. Use the modularization quality objective
function, MQ, to measure the ”quality” of p

7. Let q be a partition of the MDG found by
applying one of our clustering algorithms to
p

8. if MQ(q) > MQ(p) let p = q

9. Until MQ(p′) = MQ(q)

10. Return p

In the original version of Bunch[17], the MQ mea-
surement was slow and computationally intensive.
In a recent paper, we describe anMQ[18] measure-
ment that can be computed more efficiently:

MQ =

k
∑

i=1

CFi CFi =

{

0 µi = 0
µi

µi+εi
otherwise



Given an MDG partitioned into k clusters, MQ is
calculated by summing the Cluster Factors (CF)
for each cluster. CFi, for cluster i, is a normalized
ratio for the number of edges (µi) that are con-
tained within cluster i, and the number of edges
(εi) that exit cluster i (these edges represents a
dependency with a entity in another cluster).

In this section we investigated bottom-up clustering
algorithms that use source code entities, and the de-
pendencies between these entities, as the input to the
clustering process. These approaches are well suited to
software engineering problems because they only rely
on the systems source code.

4. Observations

In the previous sections of this paper we reviewed
significant software clustering research and presented
various clustering techniques. In examining this work,
several interesting observations can be made:

• Much of the clustering research makes mention to
coupling and cohesion. Low coupling and high
cohesion[28] are generally recognized properties of
well-designed software systems. However, there
does not seem to be any consistent, formal defi-
nitions for these properties.

• Many clustering algorithms are computationally
intensive. In Section 1.1, we claim that cluster-
ing software systems is a hard problem. Many
researchers address this complexity by creating
heuristics to reduce the computation complexity
so that results can be obtained in a reasonable
time. Researchers such as Montes de Oca and
Carver[7] are addressing computational complex-
ity by looking into other areas such as Data Min-
ing.

• Much of the clustering research uses experts to
validate the results of their approach. However,
how can one tell if expert support in a research
case study is applicable to other systems? Thus,
a more formal method of validating the results of
a clustering technique is needed. Recent work by
Antquetil and Lethbridge[2, 1] starts to address
this problem. Specifically, they define metrics for
precision and recall (see Section 2) which quan-
tify the differences between an experts view and
a recovered view of a systems structure. Clearly,
this is better than an experts ”opinion” about how
good or bad the clustered result complies with the
expert’s mental model. A recent paper by Tzerpos

and Holt[31] takes this concept one step further.
In their paper, they define a distance metric called
MoJo that can be used to evaluate the similarity
of two different decompositions of a software sys-
tem. Thus, using MoJo, the distance between an
expert’s decomposition and a clustering tool’s de-
composition of a software system can be measured.

• Many researchers recognize that a fundamental
software engineering problem is that the struc-
ture of systems deteriorates as they undergo main-
tenance. To address this problem Tzerpos and
Holt[30] present an orphan adoption technique to
incrementally update an existing system decompo-
sition by investigating how a change to the system
impacts the structure. One problem with orphan
adoption, however, is that it only looks at the im-
pact of the changed (or new) module on the ex-
isting system structure. Without considering the
remaining (existing) system components and re-
lationships, the structure of the system can decay
over time by repeatedly applying the orphan adop-
tion technique unless a complete remodularization
is performed periodically. Tzerpos and Holt’s[31]
work on MoJo can also help explain the impact
of maintenance on a software system. By apply-
ing MoJo to two versions of a software system,
a measurement for the differences between their
structures can be obtained. Thus, if MoJo pro-
duces a large result, one should expect that there
are significant structural differences between the
two subsequent versions of the system.

• Early clustering research focused on clustering
procedures into modules and classes. As soft-
ware systems continued to grow, current research
switched focus to clustering modules and classes
into higher-level abstractions such as subsystems.

In the next section of this paper we introduce the
importance of two bodies of work that are related to
software clustering. First, source code analysis tools
and techniques are required to provide input for clus-
tering tools. Second, visualization tools are needed to
present meaningful and understandable results to users
of clustering tools.

5. Source Code Analysis and Visualiza-

tion

Cluster analysis tools typically rely on several com-
plementary technologies. In Section 3 we presented a
framework for a clustering environment. This frame-
work requires the establishment of the entities to be



clustered (representation), the determination of how
”similar” two entities are with respect to each other
(similarity measurement), and clustering algorithms.

Source Code Analysis

Representation

Similarity Measurement

Clustering Algorithm

Visualization

Figure 1. The Relationship Between Source

Code Analysis and Visualization

In order to increase it’s effectiveness to users, clus-
ter analysis tools should enable a user to provide source
code as input to the clustering process. Because typi-
cal systems of interest are large and complex, we want
to avoid the user from having to transform the source
code into the representation (e.g., MDG) required by
the clustering tool manually. Not only is this man-
ual task tedious and highly error prone, but we often
want to iteratively cluster the same software system
by varying the parameters supported by the clustering
tool without having to revisit the original source code.

Another complementary technology to cluster anal-
ysis is visualization. The output of the clustering pro-
cess often contains a large amount of data that needs to
be presented to users. Without effective visualization
techniques, it would be difficult to view the results of
the clustering process. In Figure 1 we show the rela-
tionship between source code analysis, clustering, and
visualization tools.

5.1. Source Code Analysis

Source code analysis has been researched for many
years because it is desirable to consolidate a system’s
source code into a single repository that can be used
for a variety of program understanding and reverse en-
gineering activities. Repositories are useful to develop-
ers because they allow them to investigate the program
structure and navigate through the many intricate re-
lationships that exist between the source code compo-
nents. In addition to clustering, source code analysis
tools have been applied to other activities such as per-
forming dead code detection, and reachability analysis.

The first step in source code analysis is to parse
the source code and store the parsed artifacts into a
repository. Source code analysis tools support a variety
or programming languages such as COBOL, C, C++,
Java and Smalltalk.

Once the repository is populated with information
obtained from the source code, queries can be made
against the repository to extract structural information
about the source code. Two popular approaches for or-
ganizing the internal structure of the repository include
storing the system’s abstract syntax tree, or structur-
ing the repository as a relational database based on
the entities, and the relationships between the entities,
that are found in the source code.

AT&T research has created a family of source code
analysis tools for the C, C++ and Java languages.
Their approach is based on an entity relationship
model[4]. For each supported language syntax, the
source code is scanned and a relational database is con-
structed capturing the entities in the program (e.g.,
file names, variables, functions, macros), and the re-
lationships between the entities (e.g., variable refer-
ence, function call, inheritance). In addition to the en-
tities and relationships, various attributes are recorded
about the entities and relationships (e.g., data types,
declaration/definition).

Once the relational database is constructed, a se-
ries of tools can be used to query the database and
produce information about the structure of the system
being studied. The output of the query operation can
be saved into a delimited text file. The query tools pro-
vided by AT&T can be combined with other standard
Unix tools such as AWK to produce a consolidated rep-
resentation of the systems entities and relationships.

In Table 1, we illustrate the result of running an
AWK script which queries and filters the repository
for the Boxer graph drawing system. Each row in the
table consists of a tuple which represents a dependency
between two modules in the Boxer system. For exam-
ple, the tuple (main, boxParserClass) indicates that a
dependency exists between the main module and the
boxParserClass module. Table 1 only shows the de-
pendencies between pairs of modules. Using the query
tools provided by AT&T, one could capture additional
information such as the dependency type (e.g., global
variable reference), a weighted average for the relative
”strength” of the dependency, and so on.

The data presented in Table 1 can visualized to show
the structure of the Boxer system. Figure 2 presents a
graph formed from the data in Table 1. The figure illus-
trates the structure of the Boxer system. Because this
is a relatively small system consisting of 18 modules
and relatively few dependencies, the overall structure



Module 1 Module 2

main boxParserClass

main boxClass

main edgeClass

main Fonts

main Globals

main Event

main hashedBoxes

main GenerateProlog

main colorTable

boxParserClass Globals

boxParserClass error

boxParserClass boxScannerClass

boxParserClass boxClass

boxParserClass edgeClass

boxParserClass stackOfAnyWithTop

boxParserClass colorTable

boxParserClass hashedBoxes

boxClass edgeClass

boxClass Fonts

boxClass colorTable

boxClass MathLib

boxClass hashedBoxes

Globals boxClass

hashedBoxes hashGlobals

GenerateProlog boxClass

GenerateProlog Globals

stackOfAny nodeOfAny

boxScannerClass Lexer

stackOfAnyWithTop stackOfAny

Table 1. Dependencies of the Boxer System

of Boxer should be understandable by inspecting the
figure.

Sometimes, however, even small systems can be dif-
ficult to understand. In Figure 4, we show the graph of
the dependencies recovered by performing source code
analysis on rcs, an open source version control tool.
Clearly, because of the number of dependencies, it is
impractical if not impossible to develop a mental model
for the structure of rcs by simply inspecting the de-
pendencies between the systems modules.

When we applied our clustering tool, Bunch, to the
dependency relationships for the Boxer and rcs sys-
tems, we obtain the graphs illustrated in Figure 3 and
Figure 5, respectively. Figures 3 and Figure 5 present
a clustered view of the Boxer and rcs systems, which
show the native source code components clustered into
subsystems. The clustered view of the source code con-
veys additional information to the user that is not ob-
vious in the unclustered view of the same software sys-

tem.
Source code analysis tools traditionally require ac-

cess to the source code of the system in order to build
a repository. The popularity of the Java language,
along with its platform independent bytecode, enables
analysis to be performed on the compiled bytecode,
eliminating the need for the actual source code. Us-
ing bytecode, instead of source code, can also be used
to perform dynamic analysis of a program when it is
executing. This capability enables the user to capture
dependencies between classes that would not be evident
if static analysis was performed on the source code.

Several recent software engineering tools have
been constructed that require only Java bytecode.
Womble[12], extracts a systems object model di-
rectly from Java bytecode. Rayside, Kerr and
Kontogannis[24] constructed a tool to detect changes
between different versions of Java software systems
using bytecode. Chava[13] complements the suite of
source code analysis tools developed by AT&T for lan-
guages such as C[4] and C++[5]. Chava works with
both the Java source code and the compiled bytecode.

As indicated earlier, cluster analysis tools require
source code analysis utilities to package the native
source code into a representation where the dependen-
cies between the source code entities can be analyzed.
Another important requirement for a clustering tool
is the ability to present the results of the clustering
process to the user. In the next section we discuss
the importance of visualization tools. In particular, we
will discuss tools such as dotty which are extensively
used by researchers for graph visualization. We will
also present some open problems associated with using
standard graph tools for presenting software clustering
results.

5.2. Visualization

The goal of a graph visualization tool is to present a
graph clearly. Unfortunately, because most systems of
interest are large and complex, providing a visualiza-
tion of large system structures that is easy to interpret
by a user, has proven to be difficult.

There are several reasons for this difficulty:

Navigation

• Most visualization tools only provide simple nav-
igation and zooming facilities. This limitation of-
ten makes it difficult to see enough of the clustered
result at a sufficient level of detail.

• When presenting clustering results to the user, it
is desirable to first present a high-level view of
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Figure 3. The Clustered Structure of the Boxer System

the systems structure, and then allow the user to
drill-down into more detailed views showing the
internal structure of the selected high-level com-
ponent. Most visualization tools do not support
this capability.

Integration

• Most visualization tools present results using tra-
ditional directed, or undirected graphs. While
graphs effectively show the relationships between
source code entities, clustering results have addi-
tional dimensions that need to be included in the
visualization. For example, it is highly desirable
to clearly show the entities that are clustered into
common subsystems, and the relative strength of

the relationships between the entities. To address
some of these problems, some visualization utili-
ties provide the capability to place labels on the
nodes and edges in the graph. Although these
features are helpful on small graphs, they only
add additional clutter to large and highly inter-
connected graphs.

Scalability

• Many visualization tools are intended to be used
standalone, or are tightly integrated into CASE
environments. This makes it very difficult to
tightly integrate them into other tools.

• Some clustering environments produce multiple
views of the systems structure. For example, one
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view may contain the clustered subsystems, an-
other view may describe the systems inheritance
hierarchies, and so on. It would be desirable to
have a visualization tool that organizes and relates
these different views of the system.

The above list details some common problems with
visualization tools. Not all tools exhibit all of the prob-
lems described above, but many are not capable of ad-
dressing all of the described issues. The remainder of
this section will review some visualization tools and
approaches that have been used in clustering systems.

Figures 2, 3, 4, and 5 were created using the AT&T
graph layout tool dot[21]. Dot is very versatile and has
been used by researchers for many years. One of the
most notable features of dot is its graph description lan-
guage. Users specify the nodes and edges of the graph
in a plain text file, and may add any number of op-
tional attributes for the nodes and edges to control the
appearance of the resultant graph. For example, users
can set attributes to control the font, font size, edge
style, edge labels, colors of the nodes and edges, fill
types, scaling, and so on. The dot documentation[21]
contains a complete description of the plethora of op-
tions that can be included in a dot input file.

Dot is a command line utility that accepts a dot de-
scription file as input, and produces a graphical repre-
sentation of the graph as output. The current version of
dot supports 12 output file formats including GIF and
PostScript. The dot layout engine uses advanced tech-

niques to maximize the clarity of the produced graph
by performing operations such as edge routing and edge
crossing minimization.

While the goal of dot is to produce an output
file, a complementary research tool by AT&T called
dotty[21], is an online graph viewer. Dotty can be used
to visualize and edit a graph that is specified in a dot
description file. Dotty supports many common visual-
ization functions such as birdseye views and zooming.

The simplicity of the dot description language, along
with the power of the dot engine, allows the dot and
dotty tools to be integrated into other tools easily.

Tom Sawyer[29] is a commercial graph visualization
tool that we have integrated with our clustering tools.
Tom Sawyer supports a text file description language
that is not as robust as the dotty graph description file,
however, Tom Sawyer supports many different layouts
that make it easier to view the relationships between
source code entities and subsystems.

Both dotty and Tom Sawyer allow users to spec-
ify the size, location, color, style, and label of the
objects in the graph. These features are particularly
useful when visualizing the results of a clustered sys-
tem, because these attributes can be used to represent
additional aspects of the clustered system. For exam-
ple, we can alter the size of the nodes in the graph
so that larger modules are ”bigger” than smaller mod-
ules. Also, we can modify the thickness, style, grayscale
or color of the edges in the graph to represent the



”strength” of the relationship between two modules in
the graph.

In a recent paper by Demeyer, Ducasse, and
Lanza[8], the authors describe many visualization con-
ventions based on node size, node position, node color,
and edge color that represent different aspects of the
structure of a software system. These techniques allow
many dimensions of the software system’s structure to
be visualized at the same time, however, the user must
constantly keep in mind what each layout convention
means.

Figure 6 illustrates an example showing some of the
conventions described in [8]. In this figure, a small
systems inheritance tree is shown. The nodes repre-
sent the classes, and the edges represent the inheritance
relationships. The width of each node represents the
number of instance variables in a class, and the height
of each node represents the number of methods in the
class. Finally, the color tone of the node represents the
number of class variables. Clearly, once the different
conventions of the figure are understood, the two di-
mensional graph presents a lot of information to the
user.

Source Code Analysis

Representation

Similarity Measurement

Clustering Algorithm

Visualization

Figure 6. Inheritance Tree Showing Nota-

tional Conventions

The conventions specified in [8] are implemented in
a tool called CodeCrawler. It is unclear how difficult it
would be to integrate CodeCrawler into another util-
ity because the authors do not describe an application
programming interface, or a file format.

Another graphical modeling approach designed to
represent structural design information is presented in
[7]. The authors present a visual model called the
Representation Model (RM), which consists of simple
graphical objects and connectors. Each object repre-
sents a structural aspect of the system (e.g., program,
module, file, subsystem), and each connector repre-
sents a dependency within the system (e.g., a program

uses a file). RM uses a hierarchical visualization ap-
proach where the initial diagram presented to the user
represents the high-level view of the system. Each high
level RM object is linked to another RM diagram that
visualizes additional detail about the internals of the
initial RM object. This layering continues, forming a
hierarchy of RM diagrams, until a primitive level is
reached. The authors of the paper describe the model
and plan to create an automated tool for creating,
viewing and managing RM documents. Currently, RM
documents are manually created in an external CASE
or diagramming tool.

6. Future Work and Open Research

Challenges

In this survey we presented research results from the
area of software clustering. Specifically, we overviewed
clustering techniques that that suggest module-level
and subsystem-level system decompositions.

Over the past few years we have seen an increas-
ing interest and activity in software clustering research.
Through our study of this research we hope to provide
an overview of what has been achieved and to inspire
new research directions. This final section summarizes
some of the open problems we intend to investigate in
the near future:

• Improving Performance. In order to cluster a
software system, a large amount of data must be
analyzed. Since many clustering tools are compu-
tationally intensive, they do not perform well when
applied to large systems. We have been inves-
tigating distributed techniques to scale our clus-
tering approach, but improvement is still needed
to cluster software systems with over 1 million
lines of source code. To address this problem,
we are currently working on extending the dis-
tributed clustering approach described in[18] to
improve the scalability of Bunch. For environ-
ments where high-performance computers are not
available, the distributed computation approach
used by the SETI project[27] should be investi-
gated. Data Mining techniques, as described by
Montes de Oca and Carver[7], may also help ad-
dress the performance problem.

• Dynamic Analysis. Many of the systems be-
ing developed today do not have all of their de-
pendencies specified in the source code. Instead,
these systems use Application Programming Inter-
faces (API’s) provided by the operating system or
programming language to dynamically load their



classes (or modules) at runtime. Once loaded, the
functionality provided by these components is in-
directly invoked via a reference or proxy to the
dynamically loaded component. Thus, to gain a
good understanding of the structure of these sys-
tems, the runtime dependencies must be captured
and included in the model of the system structure
to be clustered. Technology provided by runtime
debuggers and the Java Virtual Machine may pro-
vide a starting point for capturing these dynamic
dependencies.

• Representing Software Structure. In Sec-
tion 3.1 we discuss the importance of representing
the entities and dependencies of a software system.
Many software clustering algorithms (Section 3.3)
and similarity measurements (Section 3.2) rely on
the weight of the dependencies to make cluster-
ing decisions. The type of dependencies in soft-
ware systems may be function calls, variable ref-
erences, macro invocations, and so on. An open
problem is to establish the collective weight of the
dependencies that exist between the modules and
classes in the system. Typically, all dependencies
are treated equally, however, biasing the depen-
dencies - so that certain types of dependencies are
more significant than others - may be a good idea
for improving clustering algorithms.

Since most clustering techniques use graphs to rep-
resent software systems. It would be interesting
to investigate the similarities and difference be-
tween software structure graphs and other types
of graphs such as random, bipartite, connected,
and directed acyclic graphs.

• Improving Optimization Techniques. In [10]
we describe a Genetic Algorithm (GA) for clus-
tering. GA’s have been shown to produce good
results in optimizing large problems. Although
our initial results with GA’s are promising, we feel
that additional study is needed. We are especially
interested in alternative encoding schemes, as the
performance and results of applying GA’s to opti-
mization problems is highly dependent on the en-
coding of the problem.

• Incremental Clustering. As a system under-
goes maintenance, there is a risk that the struc-
ture of the system will migrate from its intended
design. One would expect that minor changes to
the source code would not alter the system struc-
ture drastically. Thus, if an investment has al-
ready been made in decomposing a system into
subsystems, it would be desirable to preserve this

information as a starting point for updating, and
in some cases, creating new subsystems. The Or-
phan Adoption[30] technique is a first step in ad-
dressing this problem. Due to the large computa-
tional requirements necessary to re-cluster a sys-
tem each time it changes, we feel that the topic of
incremental clustering warrants additional study.

• Comparative Evaluation. Most of the case
studies reported in the clustering research are con-
ducted on small and medium sized systems. There
are enough clustering techniques to warrant a com-
parative study on how these algorithms perform
against a set of systems of different sizes and com-
plexity.

The above list confirms that there is a significant
amount of important work that should be investigated
by researchers. Also, it is timely to identify and start
to work on some of the abovementioned research chal-
lenges, as the primary benefit of software clustering is
to assist software professionals who are working on very
large systems.
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