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Abstract: -The structure of software systems is subject of many changes during the systems lifecycle. A continuous
improvement of the software systems structure can be made wangjoring, that assures a clean and easy to

maintain software structure. In this paper we are focusing on the problem of restructuring object oriented software
systems using hierarchical clustering. We propose two hierachical clustering based algorithms which takes an
existing software and reassembles it using clustering, in order to obtain a better design, suggesting the neede:
refactorings. We evaluate the proposed algorithms using the open source case study JHotDraw and a real softwar

system, providing a comparison with previous approaches.
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1 Introduction The rest of the paper is structured as follows. Sec-

The structure of a software system has a major im- tion 2 presents existing approaches in the field of im-
pact on the maintainability of the system. Thatis why Proving software systems structure and in the field of
continuous restructurings of the code are needed, oth- refactoring. The main aspects related to the cluster-
erwise the system becomes difficult to understand and Ing approach for systems design improvement (that

change, and therefore it is often costly to maintain.

Fowler defines in [1] refactoring as “the process
of changing a software system in such a way that it
does not alter the external behavior of the code yetim-
proves its internal structure. It is a disciplined way to
clean up code that minimizes the chances of introduc-
ing bugs”. Refactoring is viewed as a way to improve
the design of the code after it has been written. Soft-
ware developers have to identify parts of code having
a negative impact on the system’s maintainability, and
to apply appropriate refactorings in order to remove
the so called “bad-smells” [2].

In this paper we propose two hierarchical cluster-
ing algorithms that would help developers to identify

the appropriate refactorings in a software system. Our

we have previously introduced in [3]) are exposed in
Section 3. The hierarchical clustering algorithms for
identifying refactorings are introduced in Section 4.

Section 5 provides an experimental evaluation of the
proposed algorithms. A comparison of the approach
proposed in this paper with other similar approaches
is given in Section 6. Conclusions of the paper and
further research directions are outlined in Section 7.

2 Related Work

In this section we present some approaches existing
in the literature in the fields cfoftware clusteringnd
refactoring.

There is a lot of work in the literature in the field

approach takes an existing software and reassemblesof software clustering.

it using hierarchical clustering, in order to obtain a

better design, suggesting the needed refactorings. Ap-

plying the proposed refactorings remains the decision
of the software engineer.

The main contribution of this paper is to improve
the approach from [3], by defining twagglomera-
tive hierarchicalclustering algorithms for identifying

One of the most active researches in the area of
software clustering were made by Schwanke. The au-
thor addressed the problem of automatic clustering by
introducing theshared neighborgechnique [5], tech-
nigue that was added to the low-coupling and high-
cohesion heuristics in order to capture patterns that
appear commonly in software systems. In [6], a par-

refactorings in order to recondition the class structure tition of a software system is refined by identifying
of software systems. The proposed algorithms can be components that belong to the wrong subsystem, and

useful for assisting software engineers in their daily
work of restructuring software systems.
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by placing them into the correct one. The paper de-

scribes a program that attempts to reverse engineer
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software in order to provide better software modular-
ity. Schwanke assumes that procedures referencing
the same name must share design information on the
named item, and are thus “design coupled”. He uses
this concept as a clustering metric to identify proce-
dures that should be placed in the same module. Even
if the approaches from [5] and [6] were not tested on
large software systems, they were promising.
Mancoridis et al. introduce in [7] a collection
of algorithms that facilitate the automatic recovery of
the modular structure of a software system from its
source code. Clustering is treated as an optimization
problem and genetic algorithms are used in order to
avoid the local optima problem diill-climbing algo-
rithms. The authors accomplish the software modular-
ization process by constructingr@odule dependency
graphand by maximizing an objective function based
on inter- and intra-connectivity between the software
components. A clustering tool for the recovery and
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a number of examples. However, not only is there no
approach that is widely recognized as superior, but it
is also hard to compare the effectiveness of different
approaches.

As presented above, the approaches in the field of
software clusteringleal with the software decomposi-
tion problem. Even if similarities exist with refactor-
ings extraction, a comparison is hard to make due to
the different granularity of the decompositions (mod-
ules vs. classes, methods, fields).

There are various approaches in the literature in
the field ofrefactoring, but few approaches exist in
the direction of automatic detection of refactorings.

Deursen et al. have approached the problem of
refactoring in [18]. The authors illustrate the dif-
ference between refactoring test code and refactoring
production code, and they describe a set of bad smells
that indicate trouble in test code, and a collection of

the maintenance of software system structures, named test refactorings to remove these smells.

Bunch, is developed. Some extensionBahchare
presented in [8], allowing user-directed clustering and
incremental software structure maintenance.

A variety of software clustering approaches has
been presented in the literature. Each of these ap-
proaches looks at the software clustering problem
from a different angle, by either trying to compute
a measure of similarity between software objects [5];
deducing clusters from file and procedure names [9];
utilizing the connectivity between software objects
[10, 11, 12]; or looking at the problem at hand as an
optimization problem [7].

Another approach for software clustering was
presented in [9] by Anquetil and Lethbridge. The au-
thors use common patterns in file names as a clus-
tering criterion. The authors’ experiments produced
promising results, but their approach relies on the
developers’ consistency with the naming of their re-
sources.

The paper [13] also approaches the problem of
software clustering, by defining a metric that can be
used in evaluating the similarity of two different de-
compositions of a software system. The proposed
metric calculates a distance between two partitions of
the same set of software resources. For calculating the
distance, the minimum number of operations (such as
moving a resource from one cluster to another, join-
ing two clusters etc.) one needs to perform in order to
transform one partition to the other is computed. Tzer-
pos and Holt introduce in [14] a software clustering
algorithm in order to discover clusters that follow pat-
terns that are commonly observed in decompositions
of large software systems that were prepared manually
by their architects.

All of these techniques seem to be successful on
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Xing and Stroulia present in [19] an approach for
detecting refactorings by analyzing the system evolu-
tion at the design level.

A search based approach for refactoring software
systems structure is proposed in [20]. The authors use
an evolutionary algorithm for identifying refactorings
that improve the system structure.

An approach for restructuring programs written
in Java starting from a catalog of bad smells is intro-
duced in [21]. Based on some elementary metrics, the
approach in [22] aids the user in deciding what kind
of refactoring should be applied. The paper [23] de-
scribes a software vizualization tool which offers sup-
port to the developers in judging which refactoring to
apply.

Clustering technigues have already been applied
for program restructuring. A clustering based ap-
proach for program restructuring at the functional
level is presented in [24]. This approach focuses on
automated support for identifying ill-structured or low
cohesive functions. The paper [25] presents a quan-
titative approach based on clustering techniques for
software architecture restructuring and reengineering
as well for software architecture recovery. It focuses
on system decomposition into subsystems.

We have previously introduced in [3] a clustering
approach for identifying refactorings in order to im-
prove the structure of software systems. To our knowl-
edge, there is no approach in the literature that uses
clustering in order to improve the class structure of a
software system, excepting the approach introduced in
[3]. The existing clustering approaches handle meth-
ods decomposition [24] or system decomposition into
subsystems [25].
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3 A Clustering Approach for Refac-

torings Determination - CARD

In this section we briefly describe the clustering ap-
proach (CARD) that we have previously introduced in
[3] in order to find adequate refactorings to improve
the structure of software systems.

CARDapproach consists of three steps shortly de-
scribed below.

Data collection- The existing software system is
analyzed in order to extract from it the relevant enti-
ties: classes, methods, attributes and the existing re-
lationships between them: inheritance relations, ag-

gregation relations, dependencies between the entities

from the software system. All these collected data will
be used in th&rouping step.

Grouping - The set of entities extracted at the
previous step are re-grouped in clusters using a clus-
tering algorithm (HARDnN our approach). The goal
of this step is to obtain an improved structure of the
existing software system.

Refactorings extraction - The newly obtained
software structure is compared with the original soft-
ware structure in order to provide a list of refactor-
ings which transform the original structure into an im-
proved one.

A software systend is considered in [3] as a set
S = {s1, 82, ..., n}, Wheres; (1 <i < n) can be an
application class, a class method or a class attribute.

As described above, at th&rouping step of
CARD, the software systesi has to be re-grouped.
This re-grouping can be viewed agartition X =
{K1, K3, ..., K, } of S. In the following, we will refer
K; as thei-th clusterof I, I as aset of clusters, and
an elemens; from S as anentity. A clusterk; from
the partition/C represents an application class in the
new structure of the software system.

4 Hierarchical Clustering Algo-

rithms for Refactorings Detection

In this section we introduce two hierarchical ag-
glomerative clustering algorithms (HARD and
HARDs), which aim at identifying gpartition of a
software systent that corresponds to an improved
structure of it. The proposed algorithms can be used
in the Grouping step of CARD.

Both algorithms are based on the idea of hier-
archical agglomerative clustering and use a measure
for evaluating a partition of the software system from
the system’s design point of viewd ARD; uses an
heuristic for merging two clusters in the agglomera-
tive process, andl AR D5 uses an heuristic for deter-
mining the number of clusters to obtain.
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In our clustering approach, the objects to be clus-
tered are the entities from the software system S, i.e.,
O = {s1,82,...,8,}. Ourfocus is to group similar
entities from S in order to obtain high cohesive groups
(clusters).

We will adapt the generic cohesion measure in-
troduced in [26] that is connected with the theory of
similarity and dissimilarity. In our view, this cohesion
measure is the most appropriate to our goal. We will
consider the dissimilarity degree between any two en-
tities from the software systeii. Consequently, we
will consider the distance(s;, s;) between two enti-
tiess; ands; as expressed in Equation (1).

d(si’ Sj) = {
1)

where, for a given entity € S, p(e) represents a set
of relevant properties of, defined as follows. It is

an attribute, them(e) consists of: the attribute itself,
the application class where the attribute is defined, and
all the methods front' that access the attribute. df

is a method, thep(e) consists of: the method itself,
the application class where the method is defined, all
the attributes fron' accessed by the method, all the
methods fromS used by method, and all methods
from S that overwrite method. If ¢ is a class, then
p(e) consists of: the application class itself, all the at-
tributes and the methods defined in the class, all inter-
faces implemented by classand all classes extended
by classe.

We have chosen the distance between two entities
as expressed in Equation (1), because it emphasizes
the idea of cohesion. The authors define in [27] cohe-
sion as the degree to which module components be-
long togethet. Our distance, as defined in Equation
(1), highlights the concept of cohesion, i.e., entities
with low distances are cohesive, whereas entities with
higher distances are less cohesive. A theoretical vali-
dation of this statement is given in [4].

Based on the definition of distancé given in
Equation (1) it can be easily proved thats a semi-
metric function, so it can be used for discriminating
the entities from the software system in a clustering
approach. We will consider the distandest(k, k')
between two clusters € K andk’ € K (k # k)
given by the average link metric, as expressed in
Equation (2). We mention that we usserage link
as linkage metric, because we have obtained better re-
sults with this metric.

1— [p(si)Np(s;)]
[p(s:)Up(s;)]

it p(si) Np(s;) # 0 7

00 otherwise

1

dist(k:K) = 57w

Z d(e,e’)

eck,e’ €k’

)
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Starting from the idea that we intend to obtain
high cohesie clusters and as a high cohesion between
two entities from a cluster is given by a low distance
(dissimilarity) between them, we will search for the
clustering with the lowest overall dissimilarity. For
each cluster, we define its diversity as the sum of pair-
wise entities dissimilarities, and we seek to minimize
that sum over all clusters.

Consequently, the diversity of a partitidé =
{K1,K>,... ,K,}, DIV(K), is defined as given in
Equation (3).

p
DIV(K) =Y div(K;), (3)
i=1
wherediv(K;) represents the diversity of clustéf;
and is defined as:

|

Intuitively, the diversityof a cluster indicates the
cohesion degrebetween the entities from the corre-
sponding application class. This is due to the fact that
if an entity e should belong to an application class
(cluster) K;, then it is very likely that thedistance
(Equation (1)) between and the elements fronk;
is less than thelistancebetweene and all the other
elements from the other clusters.

For these reasons, we intend to minimize die
versity of a partition, in order to maximize the cohe-
sion of the corresponding application classes from the
software system. We mention that we are currently
working on giving a rigorous proof for this statement.

>

e€K;, e’€K;, e#e’
o0

d(e,e’) if K| #1

div(K;)

otherwise

4.1 HARD, algorithm

The heuristic used il ARD- for merging two clus-
ters in the agglomerative clustering process is that, at
a given step, the two most similar clusters (the pair of

clusters that have the smallest distance between them)

are merged only if the distance between them is less
or equal to a given thresholdjstMin. This means
that the entities from the two clusters are close enough
in order to be placed in the same cluster (application
class). This heuristic is particular to our approach and
it will provide a good enough choice for merging two
clusters (application classes).

The main steps off ARD; algorithm are:

e Each entity from the software system is put in its
own cluster (singleton).

e The following steps are repeated until the parti-
tion remains unchanged:
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— Select the two most similar clusters from
the current partition, i.e, the pair of clusters
that minimizes the distance from Equation
(2). Let us denote byimin this minimum
distance.
If dmin < distMin (the given threshold),
then the clusters selected at the previous
step will be merged, otherwise the partition
remains unchanged. Let us denotekbthe
obtained patrtition.
Compute the diversity of partitio/C (see
Equation (3)).
— From all the generated partitions we retain
the one with the smallest diversity.

We give bellow thel ARD; algorithm.

Algorithm HARD; is
Input: - the software system S={s1,...,sn},
- the threshold distMin.
Output: - the partition K = {Ki,Ks.. Ky},
i.e., the new structure of S.
Begin
K~ {Ki,...,K,} /llithe initial partition

minDiv «— DIV (K) /I the minimum diversity
/lthe partition with the min. diversity
ICmm — K
While K remains unchanged do
/lthe most similar clusters are chosen
(K, Kj) — argmin(k,. k. dist(K{, KJ)
d«— diSt(Ki7 Kj)
If d<distMin then
Knew — Ki UK
K — (K\{Ki, K;}) U{Knew}
/I the diversity of the new patition
div — DIV (K)
If  div < minDiv then
Kmin — K
minDiv «— div
endif
noClus «— noClus — 1
endif
endwhile
IIK min is the output partition
End.

4.2 HARD, algorithm

HARD, is an adaptation of the traditional agglomer-
ative clustering algorithm that stops whegrclusters
are reachedj being determined using a heuristic.

In the following we will present the heuristic for
choosing the number of clusters. This heuristic will
provide a good enough choice for the number of ap-
plication classes in the restructured software system.
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In order to determine the numbgof clusterswe are — Select the two most similar clusters from

focusing on determining representative entities, i.e., the current partition, i.e, the pair of clusters

a representative entity for each cluster. that minimizes the distance from Equation
The main idea off ARD>’s heuristic for choos- (2).

ing the representative entities and the numpeof

. \ — Merge the two clusters obtained at the pre-
clusters is the following:

vious step into a new cluster. Let us denote

() The initial numbermp of clusters isn (the number by K the obtained partition.

of entities from the software system). — Compute the diversity of partitiofC (see
Equation (3)).

— From all the generated partitions we retain
the one with the smallest diversity.

(ii) The first representative entity chosen is the most
“distant” entity from the set of all entities (the
entity that maximizes the sum of distances from

all other entities). We give nextH AR D, algorithm.

(iii) In order to choose the next representative entity  Algorithm HARD, is

we reason as follows. For each remaining entity Input: - the software system S={s1,...,5.},
(that was not already chosen), we compute the - the threshold distMin.
minimum distance (dmin) from the entity and  Output: - the partition K = {Ki,Ks.., Ky},
the already chosen representative entities. The i.e., the new structure of S.
next representative entity is chosen as the en- Begin
tity e that maximizesimin and this distance is /ldetermine the number of clusters
greater than a positive given threshold (distMin). p < n /lthe initial number of clusters
If such an entity does not exist, it means that Ilthe index of the first representative
is very close to all the already chosen represen- . ‘ u . }
\ i1 < argmaxi—1n > de(ss, s5)
tatives and should not be chosen as a new rep- J=T,ji
resentative (from the software system structure /Inris the number of chosen clusters
point of view this means thatshould belong to nr1
the same application class with an already cho- While  nr <p do
sen representative). In this case, the nungber D—{jl1<j<mn jé¢{i. i} d=
clusters will be decreased. mini=1nr {dp(s;, si,)}, d > distMin}
If D=0 then
(IV) The step (III) will be repeatedly performed, until //the number of clusters is decreased
p representatives will be chosen. pe—p—1
else

We have to notice that step (iii) described above
assures, from the software system design point of
view, that near entities (with respect to the given
thresholddistMin) will be merged into a single appli-
cation class (cluster), instead of being distributed in
different application classes (clusters). Fori «— 1 ton do

We mention that at steps (ii) and (iii) the choice /leach entity is put in its own cluster
could be a non-deterministic one. In the cur- K — {1}
rent version ofH ARD, algorithm, if such a non- endfor
deterministic case exists, the first selection is chosen. - _ (f
Improvements ofd ARD- algorithm will deal with minDiv — DIV(K) /I the minimum diversity
these kind of situations. /lthe partition with the min. diversity

The main steps off ARD- algorithm are: Konin — K
noClus < n [lthe number of clusters
While noClus > p do

/lthe most similar clusters are chosen

/lanother representative is chosen
nr«—nr+1
Inr < argmazjep {mini=1 nr—1{de(s;, si,)}}
endif
endwhile

..., Kn} llthe initial partition

e determine the numbep of clusters using the
heuristic presented above;

e each entity from the software syste$nis put in (K, Kj) = argmin k.. k. dist(K7, K7)
its own cluster (singleton); Knew — Ki UK;
]C — (’C \ {K17 KJ}) U {Knew}
o the following step is repeated untilclusters are /I the diversity of the new patition
reached: div «— DIV (K)
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If div < minDiv then
ICmm — K
minDiv «— div
endif
noClus «— noClus — 1
endwhile
IIK min is the output partition
End.

For bothH ARD, and H ARD, algorithms we have
chosen the valuéefor the thresholdlist Min, because
distances greater thanare obtained only for unre-
lated entities (Equation (1)). Our intuition for choos-
ing the value for the threshold st M in was also ex-
perimentally confirmed. In the future we plan to find
the most appropriate value for the threshaiet M in
using supervised learning techniques [29] and to give
a rigurous proof for our selection.

The main refactorings identified by ARD, and
H ARD, algorithms are:

1. Move Method [1] refactoring. It moves a
methodm of a classC' to another clasg’ that
uses the method most; the methadof classC
should be turned into a simple delegation, or it
should be removed completely. The bad smell
motivating this refactoring is that a method uses
or is used by more features of another class than
the class in which it is defined [23].

This refactoring is identified by ARD; and
H ARDs algorithms by moving the method in
the cluster corresponding to the application class

!

C.

2. Move Attribute[1] refactoring. It moves an at-
tribute of a clas<” to another clas€’ that uses
the attribute most. The bad smell motivating this
refactoring is that an attribute is used by another
class more than the class in which it is defined
[23].

This refactoring is identified by ARD; and
H ARDs algorithms by moving the attributein
the cluster corresponding to the application class

!

C.

3. Inline Class [1] refactoring. It moves all the
members of a clas§' into another clas§” and
deletes the old class. The bad smell motivating
this refactoring is that a class is not doing very
much [23].

This refactoring is identified by ARD, and
HARDs algorithms by decreasing the number
of application classes in the new structuresof
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ClassesC' and C’ with their corresponding en-
tities (methods and attributes) will be merged in
the same cluster.

4. Extract Class[1] refactoring. Creates a new
classC and move some cohesive attributes and
methods into the new class. The bad smell moti-
vating this refactoring is that one class offers too
much functionality that should be provided by at
least two classes [23].

This refactoring is identified byd ARD; and
HARD, algorithms by increasing the number
of application classes in the new structure of
S. Consequently, a new cluster appears, corre-
sponding to a new application class in the new
structure ofS.

We have currently implemented the above enu-
merated refactorings, buf ARD, and HARD- al-
gorithms can also identify other refactorings, like:
Pull Up Attribute, Pull Down Attribute, Pull Up
Method,Pull Down Method Collapse Class Hierar-
chy. Future improvements will deal with these situa-
tions, also.

5 Experimental Evaluation

In order to validate our clustering approach, we will
consider three evaluations, which are described in
Subsections 5.1, 5.2 and 5.3. In the following, we will
briefly describe th®ata Collectionstep from our ap-
proach.

Each of the systems evaluated in Subsections 5.1,
5.2, and 5.3 are written in Java. In order to extract
from the systems the data needed in@reupingstep
of our approach (Section 3) we use ASM 3.0 [30].
ASM is a Java bytecode manipulation framework. We
use this framework in order to extract the structure of
the systems (attributes, methods, classes and relation-
ships between all these entities).

5.1 Code Refactoring Examples

The first case study, described in this subsection, con-
tains two simple examples to provide the reader with
easy to follow examples of refactoring extractions.

Example 1.

We aim at illustrating how theMlove Method
refactoring is obtained after applyinf ARD; and
HARDs algorithms. We have chosen this example
in order to compare our approach with the one in [23],
as this example is the only result provided by the au-
thors.
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Let us consider the Java code example from [23]
shownbelow.

public class Class A {
public static int attributeAl;
public static int attributeA2;
public static void methodA1(){
attributeAl = 0;
methodA2();

}
public static void methodA2(){

attributeA2 = 0;
attributeAl = 0;

}
public static void methodA3(){

attributeA2 = 0;
attributeAl = 0;
methodAL();
methodA2();

}
}

public class Class B {
private static int attributeB1;
private static int attributeB2;
public static void methodB1(){
Class _A.attributeA1=0;
Class _A.attributeA2=0;
Class _A.methodAl();
}
public static
attributeB1=0;
attributeB2=0;
}
public static void methodB3(){
attributeB1=0;
methodB1();
methodB2();

}

void methodB2(){

}

Analyzing the code presented above, it is obvious
that the methodnethodB1() has to belong t€lassA,
because iuses features oflassA only. Thus, the
refactoring Move Methodshould be applied to this
method.

We have appliedd ARD, and HARD- algo-
rithms, introduced in Section 4, and thtove Method
refactoring formethodB1() was determined.

The two obtained clusters are:

e Cluster 1:
{ClassA, methodA1(), methodA2(), methodA3(),
methodB1(), attributeAl, attributeA2}.

e Cluster 2:
{ClassB, methodB2(), methodB3(), attributeB1,
attributeB2 }.
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The first cluster corresponds to application class
ClassA and the second cluster corresponds to applica-
tion classClassB in the new structure of the system.
Consequentlyd ARD andH AR D, algorithms pro-
pose the refactorinylove MethodmethodB1() from
ClassB to ClassA.

We mention that the refactoring proposed by our
algorithms coincides with the one given in [23].

Example 2.

We aim to illustrate how theMove Attribute
refactoring is obtained after applyinf ARD; and
HARDs algorithms. Let us consider the Java code
example shown below.

public class Class A {

public static int attributeA2;

public static int attributeAl;

public static void methodA1() {
methodA2();

}

public static void methodA2() {
attributeA2 = 0;

}

public static void methodA3() {
attributeA2 = 0;
methodAl();
methodA2();

}

public class Class B {
private static int attributeB1;
private static int attributeB2;
public static void methodB1() {

attributeB1 = 0;
Class _A.methodAl();

}

public static void methodB2() {
attributeB1 = 0;
attributeB2 = 0;
Class _A.attributeAl = 12;

}

public static void methodB3() {
attributeB1 = 0;
methodB1();
methodB2();
Class _A.attributeAl = 12;

}

public static void methodB4() {
attributeB1 = 0;
methodB2();

}
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Analyzing the code presented above, it is obvious
that theattributeattributeAl has to belong t€lassB,
because itis used only by methods frorglassB.
Thus, therefactoringMove Attributeshould be ap-
plied to this attribute.

We have appliedd ARD, and HARD- algo-
rithms, introduced in Section 4, and tiove At-
tribute refactoring forattributeAl was determined.

The obtained clusters are:

e Cluster 1:
{ClassA, methodA1(), methodA2(), methodA3(),
attributeA2 }.

e Cluster 2:
{Class B, methodB1(), methodB2(), methodB3(),
methodB4(), attributeAl, attributeBl, at-
tributeB2}.

The first cluster corresponds to application class
ClassA and the second cluster corresponds to applica-
tion classClassB in the new structure of the system.
Consequentlyd ARD; andH AR D, algorithms pro-
pose the refactoriniylove AttributeattributeAl from
ClassA to ClassB.

5.2 JHotDraw Case Study

Our second evaluation is the open source software
JHotDraw, version 5.1 [31]. It is a Java GUI frame-
work for technical and structured graphics, developed

by Erich Gamma and Thomas Eggenschwiler, as a de-

sign exercise for using design patterns. It consists of
173 classes 1375 methods andt75 attributes. The

Istvan Gergely Czibula, Gabriela (Serban) Czibula

(ii) In the obtained partition there are no misplaced
attributes.

(iii) In the obtained partition there are four misplaced
methods.

In our view, the refactoring identified at (i) can be
justified. All these methods provide similar function-
alities, that is why, in our view, these methods can be
extracted in a new class in order to avoid duplicated
code, applyindgextract Clasgefactoring.

After applying H ARD, algorithm we have ob-
tained the following results:

(i) The algorithm obtains a new class after the re-
grouping step, meaning that dxtract Class
refactoring is suggested. The methods which
are placed in the new class arePertFig-
ure.handles, GroupFigure.handles, TextFig-
ure.handles,StandardDrawing.handles.

(ii ) There are two misplaced attributeSplorEn-
try.fColor and ColorEntry.fName which are
placed inColorMap class. This means that two
Move Attributerefactorings are suggested.

(iii) There are four misplaced methods.

In our view, the refactorings identified at (ii) can
also be justifiedColorMap andColorEntry are two
classes defined in the same source f@elorMap is
an utility class which manages the default colors used

it is well-known as a good example for the use of de-
sign patterns and as a good design.

Our focus is to test the accuracy of our approach
on JHotDraw, i.e., how accurate are the results ob-
tained after applyingd ARD, and HARD, algo-
rithms in comparison with the current design of JHot-
Draw. As JHotDraw has a good class structure,
HARD; and HARD, algorithms should generate a
nearly identical class structure. We evaluate how sim-
ilar is a partition the partition of JHotDraw determined
after applyingd ARD, andH ARD- algorithms with
its actual partition (that is considered a good partition,
as JHotDraw is well known for a good design).

After applying H AR D, algorithm on JHotDraw
we have obtained the following results:

(i) The algorithm obtains a new class after the re-
grouping step, meaning that dxtract Class
refactoring is suggested. The methods which
are placed in the new class arePertFig-
ure.handles, GroupFigure.handles, TextFig-
ure.handles,StandardDrawing.handles.
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only by ColorMap, that is why, in our view,fColor
and fName attributes can be placed in either of the
two classes.

5.3 A Real Software System

This subsection describes the last case study used
for experimentally evaluate our approach. As shown
in Subsection 5.2H ARD; obtains better results on
JHotDraw thani AR D, that is why in this subsec-
tion we select onlyH ARD; algorithm for evalua-
tion. The chosen case study is a DICOM (Digital
Imaging and Communications in Medicine) [32] and
HL7 (Health Level 7 [33] compliant PACS (Picture
Archiving and Communications System) system, fa-
cilitating medical images management, offering quick
access to radiological images, and making the diagno-
Sis process easier.

The analyzed application is a distributed system,
currently used by hospitals in locations such as Roma-
nia, United Kingdom, South Africa, Bulgaria and the
Republic of Moldova. Itis a large system that consists

Issue 7, Volume 5, July 2008
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of several subsystems in form of stand-alone andweb- 6 Comparative analysis with existing
based applicationdVe have applietHARDalgorithm approaches

on one of the subsystems from this application. In this section we aim at providing a comparison be-

For confidentiality reasons, we will refer the ana- tween HARD; algorithm and similar existing ap-
lyzed application asi. A is a stand-alone Java appli- proaches. We have chosen olyARD; for evalu-
cation used for archiving radiological images for long ation, because it obtains better results on JHotDraw
time storage (on CD, DVD or tape)l consists 0675 thanH AR D>, as shown in Subsection 5.2.

classes5759methods an@970attributes. A complete comparison between our approach
. . and the approaches from [21], [22], [24] and [25] can
After applying HARD, algorithm, a total 066 not be provided, because of the following reasons:
refactorings have been suggestedMove Attribute
refactoringsp1 Move Methodefactorings, and Ex- e The obtained results for relevant case studies are
tract Classrefactoring. not available. There are given only short exam-

The obtained results have been analyzed by the ples indicating the obtained refactorings.

developers ofd and the following conclusions were e The techniques [24] and [25] address particular
made:17 refactorings identified byf ARD; were ac- refactorings: the one in ([24]) focuses on auto-
cepted by the developers as useful in order to improve matic support only for identifying ill-structured
the system;13 refactorings were acceptable for the or low cohesive functions and the technique in
developers, but they concluded that these refactorings [25] focuses on system decomposition into sub-
are not necessary in the current stage of the prajéct; systems.

refactorings were strongly rejected by the developers. )
A comparison between our approach and the one

Analyzing the obtained results, based on the feed- presented in [23] is illustrated in Subsection 5.1. The
back provided by the developers, we have concluded example from Subsection 5.1 is the only result given
the following. by the paper [23].

The only approach on the topic studied in this pa-
per, that partially gives the results obtained on a rele-
vant case study (like JHotDraw) is [20]. The authors
use an evolutionary algorithm in order to obtain a list
of refactorings using case study JHotDraw.

The advantages ofCARD approach using
H ARD, algorithm, in comparison with the approach
presented in [20] are illustrated bellow:

H ARD:, successfully identified classes with low
cohesion (classes with more than one responsibility),
misplaced constants (constants used only on a sub-
tree of a class hierarchy, but defined in some base
class). These kind of weaknesses can be discovered
only if the developer manually inspects all the classes,
or if a bug arises. That is why automatic detection by
H ARD; of these kind of weaknesses can prevent sys-
tem failure or other kind of bugs and also save alotof o Qur technique is deterministic, in comparison

manual work. with the approach described in [20]. The evolu-

A large number of miss-identified refactorings are tionary algorithm from [20] is executetDtimes,
due to technical issues: the use of Java anonymous in order to judge how stable are the results, while
inner classes, introspection, the use of dynamic prox- HARD; algorithm from our approach is exe-
ies. These kind of technical aspects appear frequently cuted jusnce.

in projects developed in JAVA. In order to correctly e The technique from [20] reports0 misplaced
deal with these aspects, we have to improve only the methods, while in our approach there are ofly
Data collection step of our approach, without modi- misplace’d methods.

fying H AR D, algorithm.

e The overall running time for the technique from
[20] is about300 minutes (30 minutes for one
run), while H ARD; algorithm in our approach
provide the results in about.73 minutes. We
mention that the execution was made on similar

Another cause of miss-identified refactorings is
due to the fact that thdistancg(Equation (1)) used for
discriminating entities in the clustering process con-
sider only two aspects of a good desi¢pw coupling
andhigh cohesion. It would be also important to con-

) e . : computers.
sider other principles related to an improved design,
like: Single Responsibility PrincipleDpen-Closed e Because the results are provided in a reasonable
Principle, Interface Segregation Principléommon time, our approach can be used for assisting de-
Closure Principle[34], etc. Future improvements of velopers in their daily work for improving soft-
our approach will deal with these aspects, also. ware systems.
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The authors from [23] present a short example il-
lustrating theMove methodefactoring. We have ap-
plied HARD; algorithm on the code example from
[23] and the suggested refactoring was obtained by
our algorithm, also.

A clustering approach for identifying refactorings
in order to improve the structure of software systems
is developed in [3]. For this purpose, a clustering al-
gorithm (namedRED) is introduced and an evalua-
tion of KRED algorithm on JHotDraw case study is
provided.

A comparison betweeH AR D, algorithm intro-
duced in this paper ankREDalgorithm is illustrated
in Table 1. The comparison is made considering the
following characteristics: the number of misplaced
methods, the number of misplaced attributes, the run-
ning time and if the algorithm identifies or not th&-
tract Classrefactoring. We mention that the execution
was made on similar computers.

Table 1: Comparative results

Alg. No. of No. of Running  Extract
misplaced misplaced time Class
methods  attributes refactoring

HARD; 4 0 4.73 Yes
kRED 4 4 5 No

From Table 1 we can conclude that:

e The resultobtained byH ARD, are better than
the results provided bkRED algorithm, as the
numbers of methods and attributes misplaced by
HARD1 are less than those misplacedkiRED
algorithm.

e The running time ofHARD; is less than the
running time ofkRED.

e HARD; algorithm, unlikekRED, identifies the
Extract Clasgefactoring, also.

We cannot make a complete comparison with
other refactoring approaches existing in the litera-
ture, because, for most of them, the obtained results
for relevant case studies are not available. Most ap-
proaches give only short examples indicating the ob-
tained refactorings. Other techniques address particu-
lar refactorings: the one in [24] focuses on automated
support only for identifying ill-structured or low co-
hesive functions and the technique in [25] focuses on
system decomposition into subsystems.
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7 Conclusions and Further Work
Starting from the approach introduced in [3], we have
presented in this paper two hierarchical clustering al-
gorithms (H AR} andH ARD-) that can be used for
improving software systems design.

We have demonstrated the potential of our algo-
rithms by applying them to the open source case study
JHotDraw and a real software system and we have
also presented the advantages of our approach in com-
parison with existing approaches.

Further work can be done in the following direc-
tions:

e To use other search based approaches, cluster-
ing techniques [15, 16, 17], and machine learn-
ing techniques [29] in order to determine refac-
torings that improve the design of a software sys-
tem.

To improve thedistancesemi-metric used for
discriminating the entities from the software sys-
tem.

To develop a tool (as a plugin for Eclipse)
that is based on determining refactorings using
HARD; andH AR D, algorithms.

To apply HARD, and H ARD- algorithms for
other case studies, like JEdit [35].

To apply our approach in order to transform
non object-oriented software into object-oriented
systems.
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