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1. Introduction

Software systems have become very complex and beset
with problems concerning their maintenance and
evolution. They have also become larger, and it is difficult
for a single person to understand a system in its entirety.
According to N.I.S.T. [1], software errors cost the U.S.
economy $60 billion per year. Essentially, a correct and
consistent behavior of a software system is a fundamental
part of users’ expectations. As a result, maintenance
processes can be considered an area of competitive
advantage. There are several studies on evaluating a
system’s maintainability and controlling the effort
required to carry out maintenance activities. According to
ISO/IEC-9126 [2] maintainability is the capability of a
software  product to be modified. Evaluating
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maintainability is difficult because many contradictory

criteria must be considered in order to reach a decision.

Data mining and its capacity to deal with large volumes of

data and to uncover hidden patterns has been proposed as

a means to support the evaluation and assessment of the

maintainability of industrial scale software systems.

Furthermore, the use of metrics (measurement data)
provides a systematic approach for maintainability
evaluation. It also enables the engineers of a system to
track status, identify potentially problematic areas, and
make decisions related to their tasks.

We propose in this paper a novel partitional clustering
algorithm, */0 , which is tailored for the analysis
of this type of data. The main characteristics of k-
Attractors are:

e It defines the desired number of clusters (i.e. the
number of k), without user intervention.

e It locates the initial attractors of cluster centers with
great precision.

e It measures similarity based on a composite metric
that combines the Hamming distance and the inner
product of transactions and clusters’ attractors.

e It can be used for large data sets.

The remaining of the paper is organized as follows:
section 2 discusses the background on clustering an
related problems, section 3 proposes our approach, section
4 details k-Attractors, section 5 presents experimental
results and section 6 concludes with directions for future
work.

2. Background

This section presents the main clustering problems that
the proposed algorithm addresses and the main concepts
we used for its development.



2.1. Clustering

Clustering is particularly useful in problems where
there is little prior information available about the data,
and the decision maker (a maintenance engineer in our
case) must make as few assumptions about the data as
possible. These restrictions make this methodology
appropriate for the exploration of interrelationships among
the data points to make an assessment concerning their
structure [3].

Cluster creation can be performed in a number of ways.
Hierarchical algorithms organize data into a hierarchical
structure based on a proximity matrix. On the other hand,
partitional algorithms identify the partition that optimizes,
usually locally, a clustering criterion.

K-Means is one of the most popular partitional
clustering algorithms. Each cluster is represented by the
mean value of the objects in the cluster. As a result,
cluster similarity is measured based on the distance
between the object and the mean value of the input data in
a cluster. It is an iterative algorithm in which objects are
moved among clusters until a desired set is reached. Its
main problems are that it is sensitive to noise and to the
initial partitioning. As many possible initial partitions lead
to many different results, the final clustering is influenced
by the initial partition, which is indicated by the user input
[4].

2.2. Frequent Itemsets

A frequent itemset is a set of items that appear together
in more than a minimum fraction of the whole dataset.
More specifically let 5 be a set of quantitative data. Any
subset I of J is called an itemset. Let ( 6 7 8)be a
sequence of itemsets called a transaction database. Its
elements 9 will be called itemsets or transactions.

An itemset can be frequent if its support is greater than
a minimum support threshold, denoted as : . The
support of an item ; in denoted as <;=is the
number of transactions in that contain ;. The term
frequent item refers to an item that belongs to a frequent
itemset. If now, an item ; is frequent and no superset of ;
is frequent, then X is a maximally frequent itemset; and
we denote the set of all maximally frequent itemsets by
> . From these definitions it is easy to see that the
following relationship holds ¥> ? > . Association rule
mining algorithms such as O are used in order to
discover frequent itemsets [5].

2.3. Related Work

Zhuang and Dai [6] present a new approach for the
clustering of web documents, which is called Maximal
Frequent Itemset Approach. Based on maximal frequent
itemset discovery they propose an efficient way to

precisely locate the initial points for the K-Means
algorithm. Fung et al. [7] propose the Frequent Itemset-
based Hierarchical Clustering (FIHC) for document
clustering. The intuition of this algorithm is that there are
some frequent itemsets for each cluster (topic) in the
document set, and different clusters share few frequent
itemsets. A frequent itemset is a set of words that occur
together in some minimum fraction of documents in a
cluster. Therefore, a frequent itemset describes something
common to many documents in a cluster. Hence, frequent
itemsets are used in order to construct clusters and to
organize them into a topic hierarchy. Wang et al. [§]
propose a similarity for a cluster of transactions based on
the notion of large items. An item is large in a cluster of
transactions if it is contained in a user-specified fraction of
transactions in that cluster. According to this measure, a
good clustering is one that there are many large items
within a cluster and there is little overlapping of such
items across clusters. Karypis et al. [9] introduced the
Association Rule Hypergraph Partitioning (ARHP). It

constructs a weighted hypergraph-[ JOFqDEq-O[h]0/qE99/0O/Eq9[c](



k-Attractors Algorithm

/*Input Parameters*/
Support:

Number of dimensions:
Hamming distance power:
Inner product power:
Attractor similarity ratio:
Outlier factor:

Given aset of  data items

19 290029

/*Initialization Phase*/

1) Generate frequent itemsets using the APriori Algorithm;

) Construct the and partition it using the confidence similarity criteria related to the support of these
1itemsets;

3) Use the number of partitions as the final k;

“) Select the maximal frequent itemset of every cluster in order to form a set of k initial attractors;

/*Main Phase*/

Repeat

(6) Assign each data item to the cluster that has the minimum " ( - .);

©) When all data items have been assigned, recalculate new attractors;
Until  don’t_move

®) Search all clusters to find outliers and group them in a new cluster

Figure 1 - k-Attractors overview

source code elements. A combination of clustering and
association rules is applied on data extracted from object
oriented code. K-Means clustering produces system
overviews and deductions, which support further
employment of an improved version of MMS Apriori to
identify hidden relationships between classes, methods
and member data.

3. Our approach

In this research work we propose a partitional algorithm
that utilizes a preprocessing method for its initial
partitioning and incorporates a similarity measure adapted
on the rationale for this method.

More specifically, the k-Attractors algorithm employs
the maximal frequent itemset discovery and partitioning,
similarly to [6], [9] in order to define the number of
desired clusters and the initial attractors of the centers of
these clusters. What differentiates it at first, from the work
presented above, is that it is used in a different (than
document clustering) context. The intuition is that a
frequent itemset in the case of software metrics is a set of
measurements that occur together in a minimum part of a
software system’s classes. Classes with similar
measurements are expected to be on the same cluster. The
term attractor is used instead of centroid, as it is not

determined randomly, but by its frequency in the whole
population of a software system’s classes.

The main contribution of k-Attractors is that it
proposes a similarity measure which is adapted to the way
initial attractors are determined by the preprocessing
method. Hence, it is primarily based on the comparison of
frequent itemsets. More specifically, a composite metric
based on the Hamming distance and the dot (inner)
product between each transaction and the attractors of
each cluster is utilized.

Hamming distance is given by the number of positions
that a pair of strings is different. Put another way, it
measures the number of substitutions required to change
one string to another. In our case a string is a set of data
items and more specifically a vector containing software
measurement data. Furthermore, the dot product of two
vectors is a measure of the angle and the orthogonality of
two vectors. It is used in order to compensate for the
position of both vectors in Euclidean space.

4. Algorithm Description

This section details the basic steps of the k-Attractors
algorithm along with some representative examples.




4.1. Overview

The two basic steps of the k-Attractors algorithm are:
e Initialization phase:

o The first step of this phase is to generate frequent
itemsets using the APriori algorithm. The derived
frequent itemsets are used to construct the

, and a graph partitioning algorithm is used to
find the number of the desired clusters and assign
each frequent itemset into the appropriate cluster.

o As soon as the number of the desired clusters (k) is
determined, we select the maximal frequent
itemsets of every cluster, forming a set of k
frequent itemsets as the initial attractors.

e Main Phase:

o As soon as the attractors have been found, we

assign each transaction to the cluster that has the

minimum " (- ) against its attractor.

o When all transactions have been assigned to
clusters we recalculate the attractors for each
cluster in the same way as during the initialization
phase.

Figure 1 illustrates an overview of the k-Attractors
algorithm. We detail its two phases next.

4.2. Initialization Phase

The goal of the initialization phase is twofold: firstly to
identify the most frequent itemsets of the input data and
secondly to determine the number of clusters.

In order for the most frequent itemsets to be
discovered, we apply the APriori algorithm against the
input data file. The APriori algorithm takes as parameter
the absolute support of the required itemsets and returns
all the one-dimensional and multi-dimensional itemsets
with support greater than or equal to

Once the most frequent itemsets have been discovered,
we form the . Given the set of the most

frequent itemsets > ={ |, ,,... },theitemset graph
(F, ), where Fz{ e>} and
:{ *| N L # @} . The intuition behind this graph

is a graph

is that if two itemsets have at least one common item, then
they should possibly belong to the same cluster and thus
we connect them with an edge in the itemset graph. For
more accuracy, we could have weighted each edge with
the number of common items between the two
corresponding itemsets/vertices, but in order to keep the
initialization phase as simple and fast as possible we
decided not to weigh the edges.

Figure 2 demonstrates an example of the itemset
graph’s construction.

Itemsets Itemset graph
1. (13,21, 2, 56)
2. (7,21,31,12) 0
3. (9 34,2, 12) ‘
4. (9,22,5,54) e e

Figure 2 - ltemset graph example

The next step is to apply a graph partitioning algorithm
to the itemset graph. In our case, we utilized the " I
algorithm in order to partition the itemset graph [9]. The
kMetis algorithm partitions the itemset graph into a
number of distinct partitions and assigns each vertex of
the graph (i.e. each itemset) into a single partition. The
final number of the derived partitions is the number of
clusters that we will use in the main phase of the k-
Attractors algorithm.

The final step of the initialization phase is the
attractors’ discovery. During this step, every previously
determined graph partition is examined. For each partition
we find the maximal frequent itemset belonging to this
partition, and check its dimensions’ cardinality. If the
number of dimensions is equal with the input data items’
number of dimensions, , then we assign the
corresponding itemset as the attractor of the corresponding
partition. However, in most cases, the cardinality of the
maximal itemset is less than . In such a case, we search
for the next maximal frequent itemset in the
corresponding partition and merge it with the previous
itemset. Merging occurs only in dimensions that are
absent from the first maximal itemset. We repeat this
procedure until we have formed an itemset with
cardinality equal to , and assign the formed itemset as
attractor of the corresponding partition.

In order to provide more flexibility, k-Attractors
performs an extra post-processing step against the
previously determined attractors. The algorithm takes as
parameter an # , . This parameter
defines the maximum allowed similarity between two
different attractors. The similarity between two attractors

is defined as follows:

( 1° 2):M (1

In other words, the similarity between two attractors is
the ratio of the number of common items per the number
of total dimensions.

If the similarity of two attractors is more than  then
we randomly discard one of the two attractors; thus the
number of total partitions is decreased by one.

12 2



4.3. Main Phase

The goal of k-Attractor’s main phase is to assign each
input data item to a cluster, using a partitional a
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dataset consisting of the calculated metrics for 50 classes
of an analysis application. Every data item contained only
4 metrics of the corresponding class (H. J.
4% (H. =, thus the dataset consisted of 50 4-
dimensional data items. The main reason for reducing the
size of the example is that it is was easier for human
experts to cluster manually a small subset of classes with
low dimensions. Domain experts of the corresponding
software system grouped manually the data items into 4
clusters. The utilized 4 metrics mentioned above were
chosen by the domain expert as the most representative of
the quality of each class. We then applied k-Attractors and
k-Means against the data items and calculated the
precision and recall of the formed clusters in both cases.
The values of input arguments to k-Attractors are
presented in Table 3. The only differences between those
input arguments and the input arguments of the previous
experiment (performance evaluation) are related to the
number of dimensions and the outlier factor. In this
experiment we chose to relax the outlier factor and set it
equal to 2, because of the small dataset and the small set
of chosen metrics. The number of dimensions was set to 4
because we used only 4 metrics for every parsed system
class.

Table 3 - k-Attractors input arguments (quality

evaluation)
Argument Value \
" [ N
K + i L
0 # [
@ ,
, G
-k [

For every formed cluster by k-Attractors and k-Means,
we calculated its precision and recall regarding the
corresponding cluster formed by the domain expert.

The recall of a cluster , regarding the corresponding

domain expert’s group is defined as:

#( e )
Recall( ., |]=——% (5)
(o)==«
Similarly, the precision is defined as:

# o.M
Precision( v )=<—)(6)
# .

The calculated precision and recall for every formed
cluster by k-Attractors is presented in Table 4. The
calculated precision and recall for every formed cluster by
k-Means is presented in Table 5.

Table 4 - k-Attractors recall and precision

Cluster \ Population Precision Recall
35 0.88 0.97
9 0.88 0.8
G 4 0.66 0.66
L 2 0.5 0.25

Table 5 - k-Means recall and precision

Cluster | Population Precision Recall
27 0.8 0.65
13 0.15 0.5
G 7 1.0 0.7
L 3 0.0 0.0

It is obvious from the above tables, that k-Attractors’
clusters are closer to the domain expert’s clusters.
Especially, regarding the two largest clusters (cluster 1
and cluster 2), the corresponding calculated recall and
precision are very high and better than the two
corresponding k-Means clusters. Additionally, consider
the smallest cluster in k-Attractors (cluster 4) and k-
Means (cluster 4): those clusters correspond to the domain
expert’s outlier cluster. It is obvious that k-Attractors
approximates the domain expert’s cluster because of the
application of the outlier handling phase. k-Means lacks
such a phase, thus the recall and the precision of the
corresponding cluster are both 0.

Hence, the experimental results show that k-Attractors
forms more quality clusters than k-Means, approximating
the domain expert’s manually created clusters. This is due
to the fact that k-Attractors is designed for the semantics
of software measurement data, thus it outperforms k-
Means both in performance and quality.

6. Conclusions and Future Work

The aim of this work was the development of a new
partitional clustering algorithm, k-Attractors, which could
be tailored for the analysis of software measurement data
and overcome the weaknesses of other partitional
algorithms.

The first step of the proposed algorithm is the
application of a preprocessing step which calculates the
initial partitions for the k-Attractors partitional algorithm.
During this step, we discover the maximal frequent
itemsets of the input software measurement data using the
Apriori algorithm. After the frequent itemsets’ discovery,
we form the itemset graph and apply a graph partitioning
algorithm, kMetis. The number of the resulted partitions
defines the number of k-Attractors clusters. Thus defining
the number of clusters, the common problem for all
clustering algorithms, is resolved. Additionally, instead of
randomly choosing the clusters’ centers, for every formed
partition, we merge its maximal frequent itemsets,




constructing that way the attractor of the corresponding
cluster. As a result, the constructed initial attractors
approximate the real clusters’ attractors, improving that
way the convergence speed of the proposed algorithm

The next step is the application of the k-Attractors
main phase. During this phase, all the input software
measurement data are clustered into appropriate clusters.
As a distance metric we employ a composite metric
consisting of the Hamming distance and the inner product.
Thus, the employed metric is adapted to the way initial
attractors are determined by the preprocessing step.

The last step deals with outliers. Handling outliers
includes outlier discovery and grouping into a separate
cluster. The discovery of outliers is based on the
composite distance between a data item and its cluster’s
attractors. The corresponding distance is compared with
the average distance inside this cluster and if it is greater
than a factor, then the corresponding data item is
considered as an outlier and is grouped into a designated
cluster.

Preliminary results showed that the proposed clustering
algorithm is about 600% faster than k-Means, the state-of-
the-art partitional algorithm. Additionally, regarding
software measurement data, k-Attractors appears to form
better, in terms of quality, and more concrete clusters.

We intend to investigate ways to further evaluate and
improve the k-Attractors algorithm. At first we are
interested in conducting more experiments in order to see
its effectiveness and clustering quality with other types of
datasets. Another interesting topic is to improve the way
the initial attractors are derived by employing more
innovative versions of APriori.
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