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Abstract: Aspect mining is a research direction that tries to identify crosscutting concerns in already developed
software systems, without using Aspect Oriented Programming. The aim of this paper is to propose a new formal
model for clustering based aspect mining. Such a formal model was not defined in the literature, yet. We also
define quality measures for evaluating the results of clustering based aspect mining techniques. A small example
on how to compute these measures is also provided.
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1 Introduction In this paper we are focusing on clustering based

i ) i aspect mining techniques. In the clustering-based as-
The Aspect Oriented Programming (AOP) is a new nect mining techniques proposed so far ([2], [6], [9]) a
paradigm that is used to design and implenwoss- software system is considered as a set of methods that
cutting concerng4]. A crosscutting concerts a fea- are grouped in classes (clusters) using clustering tech-

ture of a software system that is spread all over the pjqyes ([3]). A part of these clusters are then analyzed
system, and whose implementation is tangled with i, order to discover crosscutting concerns.

other features’ implementation. Logging, persistence,
and connection pooling are well-known examples of

crosscutting concerns. Some of the benefits that the
use of AOP brings to software engineering are: better
modularization, higher productivity, software systems

that are easier to maintain and evolve.

Aspect miningis a relatively new research di-
rection that tries to identify crosscutting concerns in
already developed software systems, without using
AOP. The goal is to identify them and then to refac-
tor them to aspects, to achieve a system that can be
easily understood, maintained and modified.

Many aspect mining techniques have been pro-
posed so far ([1], [2], [5], [6], [8], [9], [10]). Some
of them are dynamic ([1], [2], [10]), some of them are
static ([5], [6], [9]), some of them udermal concept
analysis([10]), some of them usfan-in analysiq[5],

[6]), some of them uselustering([2], [6], [9]) and
some use&lone detection techniquéks]).

All the aspect mining techniques have the follow-
ing characteristics:

In [7] a set of quality measures for evaluating the
results of clustering based aspect mining techniques
were proposed. The theoretical model on which the
measures were defined was a restrictive one, because
a software system was considered as a set of methods.

In this paper we propose a formal model for clus-
tering based aspect mining. As far as we know, such
a model was not proposed in the literature, yet. This
model is a generalization of the one presented in [7].
All the theoretical aspects on which this model was
developed are also provided.

The paper is structured as follows. In Section 2
we introduce a formal model for clustering based as-
pect mining. The quality measures for evaluating the
results are defined in Section 3. Section 4 presents a
small example on how to compute the quality mea-
sures. Some conclusions and further work are given
in Section 5.

2 Formal Model

e They use a representation of the mined software | gt g — {s1,52, ..., )} be asoftware system, where
system. o _ s;,1 < i < nis an element from the system. Afe-
e The software system is divided into groups. mentcan be a statement, a method, a class, a module,

e These groups (or a part of them) are analyzed in etc. We denote by (|S|) the number of elements of
order to identify crosscutting concerns. the system.
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In the following, we will consider a crosscut-
ting concern as a set of elemenis C S, C
{c1,c2,...,cen}, €lements that implement this con-
cern. The number of elements in the crosscutting con-
cernCiscn = |C|. LetCCC = {C4,Cy,...,C4}
be the set of all crosscutting concerns that exist in the
systemS. The number of crosscutting concerns in the

q

(e

i=1
be the set of elements from the systémelements
that are not used to implement any crosscutting con-
cerns.

systemSisq = |CCC|. Let NCCC = S —

Definition 1 Partition of a systen®.

The setC = {K, K>, ..., K, } is called apartition of

the systend iff 1 <p<n,K; CS, K; #0,Vi, 1<
p

i<pS=|JKandK;NK; =0,Vi,j1<ij<
=1
pyi F J.

In the following we will refer toK; as thei-th
clusterof X and to/C as aset of clusters

Formally, the problem of aspect mining can
viewed as the problem of identifying a partitiéhof
the software systerfi.

A partition of a software systeny can be ob-
tained by an aspect mining technique, in our case a
clustering based aspect mining one.

Abstractly, a clustering based aspect mining tech-
nique?7 can be viewed as a pair of functions:

be

T = (divide, analyze).

divide is a function that maps a software systéito

a partitionC of the systemS, i.e., divide(S) = K.
analyze is a function that indicates the clusters from
K that will be analyzed by the user of the technique,
i.e.,analyze(S,K) = SK,SK C K.

In order for a techniqu@ to be efficient, equality
(1) should hold:

ccc = SK. 1)

In practice, equality (1) is hard to be satisfied, that
is why, it is acceptable thatCC C SK. However, as
smaller the seSC\ CCC'is, as efficient is.

Definitions 2 and 3 will give optimality condi-
tions for the result of a clustering based aspect mining
technique.

Definition 2 Good partition of a systens.

Being given a partitiorlC = {K;, K3, ..., K, } of the
systents, K is called agood partitionof the systens
with respect to the s€tCC = {C}, C», ..., C,} of alll
crosscutting concerns, iff:
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(1) p>gq
(2) there exists a permutatiofv(1),0(2),...,0(q)}
of the sef{1,2, ...,q} such thatC,;) C Kl,v 1<

1 <q.

Intuitively, K is a good partition of the systes
if all the elements implementing a crosscuting concern
C; (1 <i < q) arein the same clustéy;, (1 < j; <
p)

Definition 3 Optimal partition of a systensb.
Being given a partitiorlC = {K, K3, ..., K, } of the
systemS, K is called anoptimal partition of the sys-

temS with respectto the s€tCC = {C1, (o, ..., Cy}
of all crosscutting concerns, iff:

(1) p=q

(2) there exists a permutatiofv(1),0(2),...,0(q)}

of the set{1,2, .
1 < q.

.} such thatK; = Co(;), Vi, 1 <

Intuitively, IC is an optimal partition of the sys-
tem S if all the elements implementing a crosscut-
ing concernC; (1 < ¢ < q) are in the same cluster
Kj, (1 < j; < p) and they are the only elements in

K.

Remark 4 An optimal partition of a software system
S is a good patrtition where the elements implementing
a crosscutting concern are the only elements in the
corresponding cluster.

3 Quality Measures

In this section we propose a set of new quality mea-
sures that will be used to determine if a partitiGrof
a software systerfi is optimal with respect to a set of
crosscutting concerrSCC.

The notations described in Section 2 will be also
used in this section.

Definition 5 DISPersion of crosscutting concerns -
DISP.

The dispersion of the sétC'C in the partitionkC, de-
noted byDISP(CCC,K), is defined as

lelele]
Z disp(Cy, K).
(2)

disp(C, K) is the dispersion of a crosscutting concern
C and is defined as:

1
coc

DISP(CCC,K) =

3)
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where where

Do ={klk e K and kN C # 0}. (4) Vi ={C|C e cCCandkNC # 0} (12)

D¢ is the set of clusters that contain elements which

_ is the set of crosscutting concerns that have elements
are also inC.

in k&, and
In our view, DISP(CCC, K) defines the disper- 1 if kN NCCC # 0
sion degree of crosscutting concerns in clusters. For T(k) = { 0 if kN NCCC = (13)
a crosscutting concert, disp(C, K) indicates the N

number of clusters that contain elements belonging to -

C.
7(k) is 1 if the clustelk contains elements that do

not implement any crosscutting concern, and 0 other-
wise.

DIV (CCC,K) defines the degree to which each
cluster contains elements from different crosscutting
concerns or elements from other concerns.

Lemma6 If K is a partition of the software system
S and CCC is the set of crosscutting concernsSn
then inequality(5) holds:

0 < DISP(CCC,K) < 1. (5)

Proof: Because/C; € CCC,C; C S, andK is a Lemma9 If K is a partition of the software system

partition ofS, there must be at least one cluskér,
K such thatC; N K¢, # 0. It follows that:

Dc, #0 (6)
From (6) and the definition ab¢, (4), we have:
) C D, CK (7)
From (7) it follows that:
1 < |D¢,| < |K|, VC; € CCC (8)
From (8) and (3) we have:

leletel

Z 1

coal leletel

Z ‘ ‘_ Z disp(C;, K) <

1
e DISP(CCC,K) < (9)

Inequality (9) implies (5), so Lemma 6 is provedd

Remark 7 Larger values forDISP indicate better
partitions with respect ta’C'C', meaning thatD .S P
has to be maximized.

Definition 8 DIVersity of a partition - DIV.
The diversity of a partitioriC with respect to the set
CCC,denoted byDIV (CCC, K), is defined as

K|

DIV(CCC,K) Zdw (CCC,K;). (10)

K&

div(CCC, k) is the diversity of a clustek € K
and is defined as:

1

div(CCC k) = Vil 7R

(11)

S and CCC is the set of crosscutting concernssn
then inequality(14) holds:

0<DIV(CCC,K)<1 (14)
Proof: From (12) it follows that:
0 < |V <|CCC| (15)

Using (15) and the definition of (k) (13), we
have:
0<|Vkx|+7(k) <|CCC|+1

|Vi| + 7(k) is a non-zero value, as:

(16)

U

() if [Vi| = 02" 7(k) = 1;
#

(i) if 7(k) = 0" 2’ Vi, 20 = [Vi| > 1.

From (i) and (ii) it follows that:

1< Vil +7(k) < |CCC|+1,Vke K (17)

From (17) and (11) we have:

K x| "
§m<zdw (CCC, K;) <Z§:11
- 1
cooj 11 SPvece <1 a8

Inequality (18) implies (14), so Lemma 9 is provedl.

Remark 10 Larger values forDIV indicate better
partitions with respect t@C'C, meaning thatD/V
has to be maximized.
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Based on Lemmas 6 and 9, we will define The-
orem 11 that gives the conditions for a partition of a
software system to be optimal with respect to its set of
crosscutting concerns.

Theorem 11 If K is a partition of the software sys-
tem .S and CCC is the set of crosscutting concerns
in S, then/C is an optimal partition (Definition 3) iff
DISP(CCC,K)=1andDIV(CCC,K) =1

Proof: First, we will prove implication =" from

Theorem 11.
If ICis an optimal partition, from Definition 3 we have
that:
(i)
VC € CCC, |D¢| =1
=
DISP(CCC,K) =
(ii)
Vke K, |Vi|+7(k)=1.

Based on Definition 3, there are two possibilities:
|Vi| =1andr(k) =0o0r|V;| =0andr(k) =1

= DIV(CCC,K) =1

So, implication =" from Theorem 11 is proved.

Now, we will prove implication =" from Theo-

rem11.
If DISP(CCC,K) = 1andDIV(CCC,K) = 1
from Equations (2) and (10) we have that:

(i)
VC; € CCC, d’iSp(CZ',IC) =1= |Dcl| =1.
= K is a good partition (Definition 2).
(ii)
Vk e K, div(CCCk)=1= V| +7(k)=1
There are two possibilities:
1. |Vi| =1andr(k) =0= 3C; € CCC s.t.
k=C;,=keCCC,
2. Vil =0andr(k) = 1= —-3C; € CCC
stkNnC;#0=kC NCCC.

From (i) and (ii) it follows thatX is an optimal
partition (Definition 3).

So, implication “=” is proved and Theorem 11 is
also proved. O.

In the following, we will give in Definitions 12
and 20 measures for evaluating the efficiency of a
clustering based aspect mining technique.

73

Definition 12 Percentage of ANalyzed Elements for
a partition - PANE.
Let us consider that the partitiokl is analyzed in the
following order: K1, Ko, ..., K.

The percentage of analyzed elements for a par-
tition K with respect to the se€’C'C, denoted by
PANE(CCC,K), is defined as:

lelele]
PANE(CCC,K) = coa] Z pane(C;, K).

pane(C, K) is the percentage of the elements that
need to be analyzed in the partitiéghin order to dis-
cover the crosscutting conce, and is defined as:

s 2 2

wherer = maz{t|1 < t < pandK;NC # 0}
is the index of the last cluster in the partitidd that
contains elements frod.

pane(C, K)

PANE(CCC,K) defines the percentage of the
number of elements that need to be analyzed in the
partition in order to discover all crosscutting concerns
that are in the syster§. We consider that a cross-
cutting concern was discovered when all the elements
that implement it were analyzed.

Lemma 13 If K is a partition of the software system
S and CCC is the set of crosscutting concernsSn
then inequality(19) holds:

0 < PANE(CCC,K) < 1 (19)

The proof of Lemma 13 is similar to the proofs of
Lemmas 6 and 9.

Remark 14 Smaller values for PANE indicate
shorter time for analysis, meaning th&AN E has
to be minimized.

Definition 15 PRECision of a clustering based as-

pect mining technique - PREC.

Let7 be a clustering based aspect mining technique.
The precision ofl” with respect to a partitioriC

and the seC'CC, denoted byPREC(CCC,K,T),

is defined as:

|ccc

L Z prec(Cy, K, T).

PREC(COC,K,T) = (oe

1 if C; was discovered by
0 otherwise

is the precision off with respect to the crosscutting
concernC;.

prec(Ci, K, T) =
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PREC(CCC,K,T) defines the percentage of
crosscutting concerns that are discoveredZhy In
all clustering based aspect mining techniques, only a
part of the clusters are analyzed, meaning that some
crosscutting concerns may be missed.

Lemma 16 If X is a partition of the software system
S, CCC is the set of crosscutting concernsSnand
T is a clustering based aspect mining technique, then
inequality(20) holds:

0 < PREC(CCC,K,T) < 1. (20)
The proof of Lemma 16 is similar to the proofs of
Lemmas 6 and 9.

Remark 17 Larger values forP REC indicate better
partitions with respect t6’C'C, meaning thaPREC
has to be maximized.

If a partition K of a software systen$ was ob-
tained, the order in which the clusters frdénare an-
alyzed influence the values &?#ANE and PREC
measures.

That is why, Definitions 18 and 19 establisffi-
cient partitions from the aspect mining point of view.

Definition 18 Ideal partition of a systent.

Being given a partitioniC = { K, Ko, ..., K, } of the
systemS, K is called anideal partition of the system
S with respect to the sefCC = {C4, (s, ..., Cy} of
all crosscutting concerns i is anoptimal partition
(Definition 3) withP REC equal to 1 and a minimum
value forPANE.

Definition 19 Almost ideal partition of a syster§.
Being given a partitionC = {Ki, K»,...,K,} of
the systents, K is called analmost ideal partition
of the systemS with respect to the se€'CC
{C1,C, ...,Cy} of all crosscutting concerns i is
a good partition(Definition 2) withPREC equal to
1 and a minimum value faPANE.

4 Example

In the following, a small example showing how to
computeDISP, DIV, andPAN E measures is pre-
sented. PREC is not discussed because it depends
on the clustering based aspect mining technique.

Let S = {si1,s9,...,s17} be a software system
with 17 elements, and lef;, = {s9,ss,s17} and
Cy = {s1,s4,s8} be the crosscutting concerns that
exist in the systeny (CCC = {C1, C2}).

Let € = {K1, K2, K3, K4, K5} be a partition of
the software systerfi, where:
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K1 = {s2,s16}

Ky = {s3, 57, 58, 59, 517}
K3 = {s1, s4, 55, 512}
K4 = {s6, 510,513}

Ks = {s11, 514,515}

DISP

Using Definition 5, we have to computésp(C, K)
for eachC € CCC. The obtained values are shown
below.

Crosscutting concern| The setD | disp
Ch {K1,K>} | 0.5
02 {KQ, Kg} 0.5

Based on the definitiol)ISP(CCC,K) = 0.5.

DIV

Using Definition 8, we have to computév(CCC, k)
for eachk € K. The obtained values are shown below.

Cluster | The setV | 7 | div
K {C1} 1| 05
Ko {C1,C2} | 1]0.33
K3 {Cy} 1| 05
Ky 0 1 1
Ks 0 1 1

Based on the definitiolD IV (CCC, K) = 0.66.

PANE

Using Definition 12, we have to compugene(C, K)

for eachC' € CCC. First, we have to determine the
index of the last analyzed cluster that contains ele-
ment(s) fromC. The obtained values are shown be-
low.

Crosscutting concern | # last cluster | pane
Cy 2 0.41
Cy 3 0.64

Based on the definitiolPAN E(CCC, K) = 0.52.
For our example, aoptimal partition (Defini-
tion 3) is:

K1 = {s6, 59, 510}

Ky = {s2, s3, 517}

K3 = {511,512, 514,515}
K4 = {s5, 57,513, 516}
K5 = {s1, 54, 53}

and andeal partition (Definition 18) is:
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5

Ky = {s2, 53,517}

Ky = {s1, 54, 58}

K3 = {511,512, 514,515}
K4 = {s5, 57,513,516}
K5 = {s6,59,510}

Conclusions and Further Work

In this paper we have proposed a new formal model
for clustering based aspect mining. A set of new qual-
ity measures for evaluating the results of clustering
based aspect mining techniques were defined.

Using this measures we have given conditions for

the optimality and efficiency of the results obtained by
clustering based aspect mining techniques.

Although the formal model proposed in this pa-

per is for clustering based aspect mining, it is general
enough in order to be applied for other aspect mining
techniques (like the one presented in [5]).

As a conclusion, even if Aspect Mining can be
considered (as we have shown in Section 2) a practi-
cal software engineering problem, this paper has pre-

sented a formal model of it.

Further work can be done in the following direc-

tions:

To generalize the formal model and the qual-

ity measures for other aspect mining techniques
(like [1], [5], [10]).

To identify other possible quality measures for

evaluating clustering approaches in aspect min-
ing.

To determine quality measures that can be ap-
plied for evaluating all aspect mining techniques

(including clustering approaches).
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