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Abstract

It has long been recognized that the decomposition of
a large software system into “meaningful” subsystems
15 essential for both the development and maintenance
phases of a software project. We wntroduce the term
Software Botryology' for the area of research that at-
tempts to automatically cluster a software system.

In this paper, we survey approaches to the cluster-
ing problem from researchers in the software engineer-
g community. We also present clustering techniques
used in other disciplines, and argue that their utiliza-
tion in a software context could lead to better solutions
to the software clustering problem. Finally, we outline
research challenges and open problems of interest.

1 Introduction

The definition of the term “large software” is con-
stantly changing, as the size of software systems con-
tinues to increase rapidly. Advances in hardware tech-
nology concerning the size, speed, and cost of primary
and secondary storage, as well as the advent of mod-
ern programming languages and object-oriented pro-
gramming, have allowed the size of software systems to
increase significantly in the last decade.

However, when a system becomes so large, it is very
hard to ensure that its structure is the intended one.
Moreover, the original documentation, if it exists at
all, becomes outdated as the system evolves, since the
developers are usually busy trying to meet the next
deadline. The fact that developers often discontinue
their association with such large projects intensifies the
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of botryology”. Botrys is the ancient Greek word for a bunch
(cluster) of grapes.
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problem, since they take a lot of the knowledge about
the system with them.

These factors contribute to the transformation of a
piece of software into what 1s known as “legacy code”,
namely a piece of code that one uses but does not nec-
essarily understand. The drawbacks of having legacy
code in a software system become obvious when the
time comes to alter its functionality, to adapt it to a
new hardware platform or operating system, or to im-
prove its performance. One needs to understand the
code all over again.

Even systems that are still under development are
impacted by these problems. Parts of the system might
become legacy code, if only because they have not been
maintained for some time. Also, large projects often
hire new people who must be brought up to speed, but
the seasoned developers are usually too busy to help
with this. If the documentation is obsolete, then a
newcomer is at a loss as to where to start from, and
cannot know the full impact of a potential modification
on the rest of the system.

Clearly, a solution to these problems is required. If
one could derive a decomposition of a large software
system into meaningful subsystems in an automatic (or
semi-automatic) way, then much of the effort required
to understand and to improve a software system would
be alleviated.

Automatic clustering techniques described in the lit-
erature claim that they can do exactly this — detect
the “natural” groups (or clusters) in a collection of en-
tities, such as procedures or source files. However, none
of these algorithms has been shown to be effective on
large systems. Further research 1s required in order to
reveal the best approach to the problem of decompos-
ing a software system.

Since research on clustering began long before the
term “software” was even coined, many techniques are
already in use in other disciplines. In this paper, we
argue that these techniques (called “classic” cluster-



ing techniques) could be used effectively in a software
context, after they have been adapted to fit the pecu-
liarities of this specific problem domain.

The structure of the rest of this paper is as follows.
Section 2 is a survey of current approaches to the soft-
ware clustering problem from researchers in the soft-
ware community. Section 3 presents clustering tech-
niques from other disciplines. In section 4, we explain
why we think “classic” clustering techniques would be
appropriate for the software version of the problem.
Section 5 outlines research challenges and open prob-
lems of interest. Finally, section 6 concludes the paper.

2 Previous Work

A common approach to the problem of understand-
ing a software system and recovering its design is the
knowledge-based approach. In the bottom-up version of
this approach, one attempts to reverse-engineer small
fragments of the source code and to understand them,
using pre-existing domain knowledge. One then com-
bines these fragments together in an effort to under-
stand the system as a whole, thus determining its de-
sign. This approach has been shown to work well with
small systems.

When dealing with large systems, however, this ap-
proach does not perform as effectively. The size of the
knowledge base becoming prohibitively large is one of
the reasons. Other reasons are outlined by Neighbors
[16]: “Knowledge-based understanding of large system
semantics [is] currently too difficult for three reasons:
absence of a robust semantic theory, lack of problem
domain specific semantics, and knowledge spreading in
the source code”.

For these reasons, the software clustering commu-
nity mainly adopts structural-based approaches. In
these approaches, the decomposition of a software sys-
tem 1s determined by looking at syntactic interactions
(such as “call” or “fetch”) between entities (such as
procedures or variables). In this case, the problem of
clustering a software system can be thought of as the
partitioning of the vertex set of a graph, where the
nodes are defined as procedures or variables, and the
edges as relations between these entities.

The rest of this section presents a survey of impor-
tant publications in the field of software clustering, as
well as some of the most recent approaches to the prob-
lem.

2.1 Key publications

In one of the early works in software clustering, L.
A. Belady and C. J. Evangelisti [4] recognized the need

to automatically cluster a software system in order to
reduce its complexity. They also presented a first ap-
proach to doing this for a specific system. In addition,
they provided a measure for the complexity? of a sys-
tem after it has been clustered. Their approach, how-
ever, only works with a specific kind of system, and
they did not validate their complexity measure in any
way. A point of interest is that they didn’t extract in-
formation from the source code, but rather from the
system’s documentation.

Subsequent to this work, Hutchens and Basili [11]
performed clustering based on data bindings. A data
binding was defined as an interaction between two pro-
cedures based on the location of variables that are
within the static scope of both procedures. They de-
fined different kinds of data bindings; from simplistic
and easy to compute to sophisticated and hard to com-
pute. On the basis of the data bindings, a hierarchy is
constructed from which a partition could be derived.

An interesting feature of their paper is that they
compared their structures with the developer’s mental
model with satisfactory results. They also raised the
important issue of stability; when the system changes
slightly, how 1s the clustering affected? Finally, they
recognized that it might be necessary to disregard cer-
tain information in order to get a clearer view of the
structure of a software system.

One of the most active researchers in the area of
software clustering in the early 1990s was Robert W.
Schwanke. His papers [19, 20, 18] and his tool (called
ARCH) addressed the problem of automatic cluster-
ing in an innovative way. Although his approaches
were never tested against a large software system, they
showed considerable promise. One of his main con-
tributions was that he added to the “classic” low-
coupling and high-cohesion heuristics by introducing
the “shared neighbors” technique [20] in order to cap-
ture patterns that appear commonly in software sys-
tems. Also, his “maverick analysis” [18] enabled him to
refine a partition by identifying components that hap-
pened to belong to the wrong subsystem, and placing
them in the correct one.

Choi and Scacchi [6] presented an approach to find-
ing subsystem hierarchies based on resource exchanges
between modules. The complexity of their algorithm
is O(n?), which is better than Schwanke’s O(n?), but
still probably too high for large systems. It appears to
perform well on small examples, but its ability to scale
up is questionable.

Hausi Muller has also been involved in the automatic
clustering problem [15, 14]. His approaches tend to be

2Complexity here refers to how difficult it is to understand a
system after it has been clustered in a specific way.



semi-automatic, meaning that they are meant to help
a designer perform clustering on a software system. He
introduces the important principles of small interfaces
(the number of elements of a subsystem that interface
with other subsystems should be small compared to
the total number of elements in the subsystem) and of
few interfaces (a given subsystem should interface only
with a small number of the other subsystems).

2.2 Recent work

The last couple of years have seen a renewed interest
in the problem of clustering a software system automat-
ically. The main reason for this is the rapid growth of
Reverse Engineering as a research field, largely due to
the Year 2000 and Euro conversion® problems. Under-
standing large software has become a very important
issue and clustering can help deal with it.

James M. Neighbors attempted to identify subsys-
tems with the ultimate goal of hand extraction of
reusable components [16]. He looked at compile-time
and link-time interconnections between components
and tried different approaches. The approaches that
were successful were based on naming and on reference
context. His results were validated by the developers
of the system on which he experimented.

An interesting alternative approach was presented
by Nicolas Anquetil and Timothy Lethbridge [3]. In-
stead of looking at structural information, such as pro-
cedure calls or data references, they only looked at the
names of the resources of the system. Their experi-
ments produced promising results, but their approach
has the obvious drawback that it relies on the develop-
ers’ consistency with the naming of their resources.

Finally, various researchers have recently started
looking at techniques used in other disciplines in order
to come up with a better solution to the automatic clus-
tering problem. Theo Wiggerts [24] presented a survey
of techniques used by the cluster analysis community
and attempted to reuse them for system remodulariza-
tion. His future plans included clustering a software
system in a “more or less object-oriented” way. Spiros
Mancoridis [13] treated clustering as an optimization
problem and employed genetic algorithms in order to
overcome the local optima problem of “hill-climbing”
algorithms, which are commonly used in clustering
problems. His experiments demonstrate encouraging
results and fast performance.

3Financial software in Europe has to be modified in order to
accommodate the common currency.

2.3 Observations

By examining the literature on software clustering
one can draw interesting observations. First, most re-
searchers seem to agree on structural-based criteria and
naming conventions as being the most promising ap-
proaches. However, there exists a variety of different
interactions between modules that are used as the ba-
sis to decide which resources depend on which. Isolat-
ing the interactions that are appropriate for the soft-
ware clustering problem, and determining the proper-
ties that make them so, is a problem that needs to be
studied.

Another observation is that none of the approaches
has been tested against a large software system. This
omission becomes more interesting when one considers
that these approaches were developed with such sys-
tems specifically in mind. It is not clear whether these
approaches scale up to large systems.

Also, validation of an approach against more than
one system 1is required. Many researchers present re-
sults that demonstrate that their algorithm performs
very well for a given system. It would be interesting
to see how the algorithm performs on a number of sys-
tems, since an algorithm can be specifically tuned to
perform well on a particular system.

Finally, the issue of performance is very important.
Most graph partitioning problems are shown to be NP-
complete [8] or NP-hard. The approaches presented
above, however, are heuristic approaches that attempt
to reduce this complexity to polynomial upper bounds.
What kind of complexity is acceptable for large systems
remains to be seen.

A more detailed description of open problems and
research challenges can be found in section 5. In the
next section, we present approaches employed in the
cluster analysis community to solve clustering problems
found in other disciplines.

3 Classic Clustering

Cluster analysis has been used in a number of dif-
ferent disciplines? in order to solve a wide spectrum of
problems. Its objective is to find algorithms and meth-
ods for grouping or classifying objects. Many diverse
techniques have been developed in order to discover
structure within complex bodies of data.

In this section, we will present the most impor-
tant cluster analysis techniques found in the literature.
Since these techniques are used in many disciplines,

4Examples include psychology, biology, statistics, social sci-
ences, and various fields of engineering.



there 1s considerable confusion of terminology. For ex-
ample, the raw material to be clustered has been called
“point”, “item”, “data unit”, “subject”, “object”, “ele-
ment”, “entity” and many other terms. For this paper,
we will use the term “object”. Also, the aspects of the
objects that we look at in order to decide on the ap-
propriate clustering have been called “variables”, “at-
tributes”, “characters”, or “features”. We will use the
term “feature”.

3.1 Similarity Measures

One of the first things that a clustering approach
usually does is to decide on what grounds will two ob-
jects be judged to be similar. Moreover, one needs
a measure that will decide which pair of objects are
“more similar” than any other pair. The answer to
this problem 1s a similarity measure.

Similarity measures can be divided in two groups,
depending on the kind of information that serves as
their input. We distinguish the following kinds of in-
formation:

1. Relations between the objects. In this case, the
problem can be represented as a graph, where
the nodes are the objects and the edges are the
relations. If we have more than one relation, then
the graph will have multiple kinds of edges.

Common similarity measures that deal with cases
like this are based on the number of edges con-
necting two objects, the length of the shortest
path between two objects, or the weight that dif-
ferent kinds of edges might have. Whether the
graph is directed or undirected is also a factor.

2. The score of the objects on different features. In
this case, similarity is usually measured by asso-
citation coefficients. These are expressed in terms
of the number of features which are present for
each object. For this reason, association coef-
ficients assume binary features (i.e. reflecting
whether a feature is either present or not). The
following table is used in order to calculate vari-
ous coefficients between object ¢ and object j:

Object 71 | Object 57 0
Object 7 1 a b
Object 7 0 c d

In the above table, a 1s the number of features
that are present for both objects, b the number of
features present only for object ¢, and so on. Dif-
ferent coefficients treat 0-0 matches (their num-
ber is given by d) differently and also put different

weightings on any of the four entries of the table.
The most common coefficients are:

e the simple matching coefficient, defined as:
+d
a+z+c+d

e the Jaccard coefficient, defined as: ﬁ

An extensive study of coefficients can be found

in [2].

Other similarity measures that are found in the liter-
ature include distance measures (usually Euclidean or
Manhattan), correlation coefficients, and probabilistic
measures (based on the assumption that agreement on
rare features is more important than agreement on fre-
quent ones).

3.2 Algorithms

Once the similarity measure has been decided upon,
an appropriate algorithm has to be chosen as well. The
algorithms that are used in order to cluster a number
of objects are generally divided into two categories:

1. Hierarchical algorithms. These algorithms pro-
duce a nested sequence of partitions. In one end
of this sequence is the partition where each object
is in a different cluster (we will call this partition
ALL) and in the other end the partition where all
the objects are in the same cluster (we will call
this partition ONE). At each step through this
sequence two of the clusters are joined together.

Hierarchical algorithms are divided into two cat-
egories:

(a) Agglomerative (or bottom-up). These start

with partition ALL and iteratively join the
most similar clusters based on the similarity
measure. One of the partitions of the ob-
tained sequence is selected as the solution
(also known as the “cut-point”).
An interesting point of debate between re-
searchers is how to compute similarity be-
tween a newly-formed cluster and the rest of
the already formed clusters. This is called
the update rule problem. Many different so-
lutions exist for it. The most common in-
clude the single-link update rule (the sim-
ilarity of the newly formed cluster to an
existing cluster C is the mazimum of the
similarities of its constituents to ('), the
complete-link update rule (the similarity of
the newly formed cluster to an existing clus-
ter C' is the munimum of the similarities of
its constituents to '), and others.



(b) Divisive (or top-down). These start with
partition ONE and try to iteratively split
it until we reach partition ALL. Such algo-
rithms, however, suffer from excessive com-
putational complexity, as one has to look at
an exponential number of partitions at ev-
ery step. This is the main reason why these
algorithms are not very popular.

2. Partitional algorithms. The way these algorithms
usually work 1s that they start with an initial
partition and try to modify it in an attempt to
optimize a criterion that represents the quality of
a given partition. The challenge that partitional
algorithms face is the combinatorial explosion of
the number of possible partitions.

The usual workaround to this problem is to start
with an initial partition (chosen randomly or
based on some heuristics) and attempt to opti-
mize the chosen criterion by modifying that par-
tition in an appropriate way. These algorithms
(called hill-climbing algorithms) do converge [2],
but usually to local optima. Therefore, the choice
of the initial partition is crucial for the success of
the algorithm.

3.3 Observations

By examining the literature on cluster analysis, one
can draw some interesting observations. First, re-
searchers agree that “a classification is neither true or
false” [7]. This means that no particular partition can
be the ideal answer to the problem of classifying a large
number of objects. Based on different points of view,
one can come up with two different, but equally valid,
decompositions of the same set of objects. Some clas-
sifications, however, are more useful than others. It
is the job of the researcher on cluster analysis to find
what factors determine the usefulness of a particular
clustering.

Another observation is that “the multitude of al-
ternatives makes it difficult to say that a particular
measure and a specific method are clearly superior se-
lections for treating the problem at hand” [2]. On any
given problem, a large group of different methods will
give practically the same results, while perhaps a few
other methods will give distinctively different results.
A theoretic explanation of the behaviour of different
methods does not exist, however.

Finally, looking back at the literature on software
clustering, we see that some cluster analysis tech-
niques have indeed been used by software researchers.
Hutchens and Basili [11] did use a hierarchical agglom-

erative method in order to perform their clustering.
Schwanke [20] did define binary features in the same
way as defined earlier in this section. Mancoridis [13]
did use a hill-climbing optimization approach similar
to the one presented in section 3.2.

It remains to be seen whether the software commu-
nity will adopt more cluster analysis techniques. The
next section explains why we think this would be a
good idea.

4 Using classic clustering techniques
for software clustering

One of the main points of this paper 1s that the soft-
ware community should benefit from the cluster analy-
sis techniques available. As explained at the end of the
previous section, many software researchers are rein-
venting several of these techniques. It would be bene-
ficial if the software community could adopt and adapt
the already well-studied algorithms of cluster analysis.

One of the main reasons why we think this would
be a good idea, is that the peculiarities of software as
a clustering domain could be used to alleviate a lot
of the problems facing “classic” clustering techniques.
For example, with software we already have a rather
good idea of what a cluster should look like. Software
Engineering principles such as information hiding [17],
or few interfaces could guide the clustering process to-
wards a desirable solution. Also, since our goal is usu-
ally to understand a software system, we can cluster
to different levels of proximity® depending on our per-
spective. Therefore, specifying the number of clusters
is not a big problem for software clustering. Further-
more, a software system can have more than one valid
view, which is what different clustering algorithms can
give us.

Another interesting issue in the cluster analysis lit-
erature is that of randomness. Most clustering algo-
rithms can be “accused” of imposing a structure on a
set of data, even if no structure exists. In this case, it
is possible that the structure presented as the final so-
lution is an artifact of the algorithm used, rather than
a “natural” grouping of the objects in question. With
legacy software however, this need not be a problem.
As it has been noted [24], any structure is better than
no structure, since one needs to start somewhere. Be-
sides, one would hope that even the most badly written
piece of code would have some structure.

In their classic text on “Algorithms for Clustering
Data” [12], Jain and Dubes present a framework for a

5Proximity, in the cluster analysis literature, refers to how
close to the data we look, i.e. are we trying to find a few or a lot
of clusters.



cluster analysis project, which is divided into 7 steps.
To demonstrate that 1t would also fit the software clus-
tering problem, we present it in a software context (the
titles are theirs, but the explanations ours):

1. Data collection. This refers to extracting the rele-
vant information from the source code. A critical
issue here is what kind of information one needs
to extract.

2. Initial screening. The data extracted from the
source code usually requires some massaging be-
fore it can be used. As noted in [11], certain
information may have to be deleted as 1t might
interfere with the clustering process, e.g. om-
nipresent nodes® [15].

3. Representation. This refers to choosing the ap-
propriate similarity measure. It is usually based
on the type of information available, the experi-
ence of the investigator, and the insight of system
experts. In the case of software clustering, there
exists a wealth of different software metrics [1]
that could be used for this purpose.

4. Clustering tendency. This step checks if the avail-
able data have a natural tendency to cluster or
not. As explained before, this is not a problem
in a software context.

5. Clustering strategy. The algorithm to be used
and the value of any parameters in it are chosen
during this step. It is up to the investigator to
decide on the most appropriate algorithm. Com-
parative studies between different existing algo-
rithms would facilitate the process of choosing or
developing effective algorithms.

6. Validation. Formal techniques for the validation
of a partition exist, but in a software context
there is usually a different way. Developers as-
sociated with the examined software project can
compare the partition obtained from the auto-
matic clustering approach with their own mental
model of the structure of a system. Also, in the
case of legacy software, empirical studies could
evaluate whether the clustering actually helped
in the understanding of the system.

7. Interpretation. This refers to comparing results
with other studies, drawing conclusions, and get-

8This refers to nodes (typically procedures in the software
case) with a large in- or out-degree. In the software case, this
might correspond to library routines, the interactions with which
are not necessary in order to decide on the structure of the rest
of the system.

ting ideas for improvements on any of the previ-
ous steps.

In the next section, we will present open problems
and research challenges a researcher in the field of soft-
ware clustering might have to face.

5 Research Challenges

Throughout the text of this paper, we have men-
tioned various problems facing researchers in software
clustering and presented the reasons that make these
problems difficult. In this section, we present an orga-
nized list of open problems that pose interesting chal-
lenges to the researchers in the area:

e It is not clear which kinds of relations between
“software objects” are appropriate from a clus-
tering point of view. Procedure calls and data
references are commonly used, but what about
relations such as source inclusion [5] or type ref-
erences? Should they be used, and if so, with
equal weight to other relations or not? The field
isin need of a “theory of dependencies” that char-
acterizes such relations.

e Another interesting research issue is the selection
of appropriate algorithms. A comparative study
tested on a number of systems is long overdue. It
is possible that certain algorithms are best suited
for a particular type of software system. A cate-
gorization of algorithms and the types of software
for which they work best would be beneficial to
the software clustering field.

e There exists a gap between the structures ob-
tained by the software clustering researchers and
the ones presented by the software architecture
community [9, 21]. Closing this gap is not easy,
as a compromise has to be found between the au-
tomatic approaches of the clustering community,
and the “supervised” ones of the software archi-
tecture community, as in [10].

e Clustering approaches need to be tested on large
systems, as success on small systems does not
guarantee effective scaling up to large systems.
Obtaining access to large systems is not easy, but
it can be done, and it is crucial for the validation
of candidate approaches. The imminent release
of the source code for Netscape could mean the
creation of a benchmark for different algorithms.

e Most software approaches currently present static
views of the structure of a software system. How-
ever, most large systems are complex enough to



require more elaborate views, such as dynamic
views. This is certainly an important challenge
for the software clustering community.

e The issue of stability 1s also important. Minor
changes to the software system should not dras-
tically affect its generated structure. A study of
the types of structures generated by different al-
gorithms and their stability would be very inter-
esting.

e A related issue is that of incremental clustering.
Assuming that a satisfactory partition of a soft-
ware system exists, how do we update this struc-
ture when the software system changes, and how
do we do it in a way that still reflects the actual
structure of the system and causes the least pos-
sible modification? An approach to this problem
has been presented by the author in [23].

e Software is a peculiar clustering domain since the
developers that are associated with the system
being examined can provide a lot of help. Inte-
grating information obtained from the developers
with the automatic approaches described in this
paper is an important challenge [22].

The aforementioned problems pose interesting chal-
lenges to researchers, and suggest that the software
clustering field is a fertile one for research.

6 Conclusion

The goal of this paper was threefold:

e To present the state of the art in the research of
software clustering

e To survey “classic” clustering techniques and
show that they can be utilized in a software con-
text.

e To demonstrate that the software clustering field
has research potential.

In section 2, we presented the most important ap-
proaches to the software clustering problem, and out-
lined their advantages and disadvantages. In section 3
we surveyed cluster analysis approaches that have been
used in other disciplines, and in section 4, argued that
they could be used effectively in a software context.
Finally, in section 5 we presented a number of open
problems in the area of software clustering.

We believe that further research on the problem of
decomposing a software system automatically 1s very

important, and that it will benefit not only the re-
search community, but also the people involved in the
development of large software systems.
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