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ABSTRACT
Many aspect mining techniques have already been proposed,
even if aspect mining is a relatively new research domain.
That is why the necessity to classify and to compare them
has emerged. Not all the characteristics of the aspect min-
ing techniques were considered as comparison criteria and
very few generally applicable evaluation measures were pro-
posed. This paper proposes a set of new criteria to compare
the existing aspect mining techniques and a set of new eval-
uation measures to compare the results obtained by these
techniques. The applicability of these measures for different
aspect mining techniques is also discussed.

Categories and Subject Descriptors
D.2.7 [Software Engineering]: Distribution, Maintenance,
and Enhancement—Restructuring, reverse engineering, and
reengineering ; D.2.8 [Software Engineering]: Metrics—
performance measures

General Terms
Measurement, Performance

Keywords
aspect mining, evaluation measures

1. INTRODUCTION
Aspect Mining (AM) is a relatively new research domain

that tries to identify crosscutting concerns in legacy software
system. Nevertheless, many aspect mining techniques have
already been proposed, and the necessity to classify and to
compare them has emerged. The existing AM techniques
differ in many ways: the approach used (formal concept
analysis based, metrics based, clustering based, etc.), the
development lifecycle when they can be applied, the type of
analysis used (static or dynamic), the granularity level, etc.,
making it difficult to compare and to classify.
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Very few comparisons between AM techniques were done
so far. The first comparison is presented in [7] where three
AM techniques (Fan-in [17], Identifier analysis [22] and Ex-
ecution traces [21]) are compared. The type of crosscutting
concerns discovered for JHotDraw ([10]) case study and the
possibility of combination with other AM techniques are
used as comparison criteria. No classification considering
the obtained results is given.

In [8], the results obtained by the above mentioned AM
techniques, and combinations of them, for JHotDraw case
study are further analyzed. A detailed discussion of the
obtained results is presented, using recalled methods and seed
quality as evaluation measures.

Paper [11] presents a comparison of code level AM tech-
niques. Among the criteria used for comparison are: the
type of data analyzed by an AM technique, the granularity,
the user involvement, the preconditions. No classification
considering the results obtained on a case-study is given.

In [18] a small comparison using the crosscutting concern’s
symptoms is presented. The authors also consider as com-
parison criterion whether the aspect mining tool requires
or not user involvement. No classification using the results
obtained on a case study is given.

In this paper we present a set of new comparison criteria
that are important when considering the use of an AM tech-
nique or when trying to classify AM techniques, and a set
of new evaluation measures to compare the results obtained
by AM techniques. These are the main contributions of this
paper.

The paper is structured as follows. In Section 2 a set of
new comparison criteria for AM techniques is introduced.
New evaluation measures, and their applicability to six dif-
ferent AM techniques, are defined in Section 3. Conclusions
and further work are given in Section 4.

2. COMPARISON CRITERIA
In this section we propose a set of new comparison cri-

teria and we briefly discuss their importance when compar-
ing AM techniques. In our view, input data required by
the aspect mining technique, availability, language depen-
dency, and measures are important criteria that must be
strongly considered when thinking about using a particular
AM technique or when thinking about comparing the results
obtained by different AM techniques.

Input data required
This is an important criterion when considering to use a
particular AM technique. It indicates to a new user what



data he/she must have in order to be able to use the AM
technique. Most techniques require as input the source code
of the system to be mined ([2, 17, 21, 22]), but there are
a few techniques like History Mining ([3]) and EA-Miner
([19]) that require a different input (CVS transactions, text
documents, etc.). We mention that for AM techniques that
use dynamic analysis, we consider as input data the source
code, because the system must be modified in order to ob-
tain the necessary information during execution. The traces
needed by the dynamic analysis cannot always be obtained
without modifying the source code of the system.

Language dependency
The theoretical part of each AM technique is independent
on the language used (programming or natural language).
However, the tool associated with the technique is language
dependent, restricting the use of the technique to systems
that were developed using the same language. For exam-
ple, FINT ([16]) or Dynamo ([9]) can be used only for Java
based systems (considering the current version of the tool).
WMATRIX ([23]) for EA-Miner ([19]) is dependent on En-
glish. It cannot be used for a system whose requirements
are written in French or Italian.

Availability
The availability of the tool/results/case study are important
issues for a new user of an AM technique and/or for someone
that tries to compare AM techniques.

Most of the existing AM techniques have an associated
tool. If an AM technique does not have an associated tool or
the tool is not publicly available, it is very unlikely that peo-
ple will use the technique, as they would first need to build a
tool. The tool availability is also important when trying to
compare the results obtained by different AM techniques on
new case studies. Even though most AM techniques have an
associated tool, few tools are publicly available (FINT for
Fanin, Dynamo for Execution traces and WMATRIX for
EA-Miner).

The availability of the results obtained by an AM tech-
nique on a particular case study is also important, if the
associated tool is not available. The developers of other
AM techniques can use them to evaluate and to compare
their techniques. The results obtained by different AM tech-
niques on the same case study are very important when try-
ing to build the reference set of crosscutting concerns for the
considered case study, especially when different crosscutting
concerns are discovered by different AM techniques for the
same case study. As can be seen in Table 1, the results
obtained for different case studies are publicly available for
very few AM techniques.

The case study availability is important when considering
to compare different AM techniques based on the obtained
results. If a case study used by an AM technique is not
publicly available, it cannot be used for comparison with
other techniques.

Evaluation Measures
Measures are essential when considering to compare AM
techniques based on the obtained results. Some measures
have been used to evaluate the results obtained by AM tech-
niques [6, 8, 15]. In most cases, the measures used are ap-
plicable only to those particular AM techniques. So far,
only two measures are generally applicable (the number of

false positives and the number of false negatives). However,
in order to compare different AM techniques, based on the
obtained results, evaluation measures are needed. These
measures should be applicable for as many AM techniques
as possible. That is why in Section 3 we propose a set of
new evaluation measures to compare the results obtained
by AM techniques. They are generally defined, and their
applicability to six AM techniques is also discussed.

3. A SET OF NEW EVALUATION MEASURES
Based on the analysis of the existing AM techniques, we

have observed that, besides the criteria proposed in [11, 18],
they also differ in the following aspects:

• The choice of the system representation.
• The way the elements from the system are considered

candidate seeds.
• The contexts chosen to determine crosscuttingness.

In Subsection 3.1 we present the theoretical model on which
we base our approach. A set of new measures for evaluat-
ing the results of different AM techniques is presented in
Subsection 3.2.

3.1 Theoretical Model
Let us consider a software system S as a pair of two sets E

and CTX (S =< E, CTX >). E = {e1, e2, . . . es} is the set
of all the elements that exist in the system S. Depending on
the aspect mining technique, an element can be a method,
a statement, a word, etc. CTX = {ctx1, ctx2, . . . , ctxq}
represents the contexts in which the elements from E appear
in the system S. A context can be a class, a method, a
sentence, etc.

We also consider a crosscutting concern CC as a pair of
two sets ELCC and CTCC (CC =< ELCC , CTCC >).
ELCC = {el1, el2, . . . , elsCC} ⊂ E represents the elements
that constitute the crosscutting concern CC.
CTCC = {ctt1, ctt2, . . . cttqCC} ⊂ CTX represents the dif-
ferent contexts in which the elements from ELCC appear as
part of the crosscutting concern CC.
We denote by TCCC the set of all crosscutting concerns
present in the system S (TCCC = {CC1, CC2, . . . , CCr}).

Considering the above, in our view, an aspect mining
technique T is a pair of two functions Select and Context
(T =< Select, Context >).
The Select function gives the elements from E that belong
to crosscutting concerns, i.e. Select(S) = SE ⊆ E.
The Context function gives the contexts from CTX in which
the elements given by Select appear (Context : SE →
P(CTX), Context(e) = SCTe ⊆ CTX). We have denoted
by P(CTX) the set of all subsets from CTX. For a given
element e ∈ SE, this function returns contexts from CTX
where the element e appears (all or only a part of them,
depending on the aspect mining technique).

The two sets, E and CTX, and the two functions, Select
and Context, are particular to each aspect mining technique
(see Subsection 3.3).

3.2 Definitions
Based on the theoretical model introduced in Subsection

3.1 we define in this subsection a set of new measures that
can be used for evaluating the results obtained by different
AM techniques. We will use the notations from Subsection
3.1, and two additional ones:



• Res denotes the result obtained by the Select function,
Res = Select(E).

• ContextS(A) denotes the set of contexts in which the
elements from A appear. If A = {a1, a2, . . . , at} ⊂ E,

then ContextS(A) =
[

a∈A

Context(a).

We define below new evaluation measures for comparing
the results obtained by AM techniques. Comparing to the
existing evaluation measures, the measures proposed in this
subsection are general and distinguish between the elements
of a crosscutting concern and the contexts in which they
appear. Such a distinction was not reported before in the
general case. There is only one measure (seed-quality) in-
troduced in [15], that refers to a particular AM technique.

Definition 1. Elements Coverage - ElemCov
ElemCov represents the percentage of the elements discov-
ered by Select that do belong to the crosscutting concern
CC ∈ TCCC. It is formally defined as:

ElemCov(CC, Res) =
|ELCC ∩Res|

|ELCC |
.

Definition 2. Missed Elements - MissedElem
MissedElem represents the percentage of elements that do
belong to CC, but that were not chosen by Select. It is for-
mally defined as:

MissedElem(CC, Res) =
|ELCC \Res|

|ELCC |
.

We mention that the following equation holds:
ElemCov(CC, Res) + MissedElem(CC, Res) = 1.

Definition 3. Wrong Elements - WrongElem
WrongElem represents the percentage of elements chosen
by Select, that do not belong to any crosscutting concerns
from TCCC. It is formally defined as:

WrongElem(TCCC, Res) =

|Res \
[

CC∈TCCC

ELCC |

|Res| .

As most of the existing aspect mining techniques do not
group the results based on concerns, WrongElem measure
is defined using the total set of crosscutting concerns TCCC
from the system S. Most of the existing AM techniques call
this measure false positives.

The above defined measures are based on precision/recall
measures used in information retrieval systems ([14]).

Definition 4. Context Coverage - ContextCov
ContextCov represents the percentage of the contexts dis-
covered by Context which actually belong to the crosscutting
concern CC ∈ TCCC. It is formally defined as:

ContextCov(CC, Res) =
|CTCC ∩ ContextS(ELCC ∩Res)|

|CTCC |
.

Definition 5. Missed Context - MissedContext
MissedContext represents the percentage of contexts that
were not discovered by Context as belonging to CC, but that
actually do belong to the crosscutting concern CC ∈ TCCC.
It is formally defined as:

MissedContext(CC, Res) =
|CTCC \ ContextS(ELCC ∩Res)|

|CTCC |
.

Definition 6. Wrong Context - WrongContext
WrongContext represents the percentage of contexts dis-
covered by Context, that do not belong to the crosscutting
concern CC ∈ TCCC. It is formally defined as:

WrongContext(CC, Res) =
|ContextS(ELCC ∩Res) \ CTCC |

|ContextS(ELCC ∩Res)| .

An average measure can be defined for all the measures pro-
posed above (except WrongElem), that gives the average
percentage for each measure, considering all the crosscut-
ting concerns present in the system S. For example, for
ElemCov, the average measure, called AverageElemCov
is defined as follows:

AverageElemCov(TCCC, Res) =
1

r

rX
i=1

ElemCov(CCi, Res),

where r = |TCCC|.
The AverageMissedElem measure represents the aver-

age percentage of false negatives.
We mention that it can be proved that the values of all the

above defined measures are between [0, 1]. For ElemCov
and ContextCov measures larger values are desirable (the
ideal value is 1). For WrongElem, MissedElem, Wrong-
Context, and MissedContext measures smaller values are
desirable (the ideal value is 0).

The above defined measures should be simultaneously con-
sidered in order to obtain a more accurate evaluation of an
AM technique.

We discuss, in the following, some situations that might
appear for the values of the above defined measures, and
their possible causes.

1. The value of ElemCov is high, and the value of Missed-
Context is also high (possibly higher than the value
of ContextCov). In this case the Context function
must be revised.

2. The value of WrongElem is high (e.g., higher that
0.5). The Select function must be improved.

3. The value of ContextCov is high, and the value of
WrongContext is approximately the same. The
Context function must be improved.

3.3 Applicability
In this subsection we present how the measures proposed

above can be applied to six different aspect mining tech-
niques: EA-Miner ([19, 20]), Clone detection ([5, 6]), Fan-in
([17]), Execution relations ([1, 2, 12, 13]), Execution traces
([21]), and History Mining ([3, 4]).

• EA-Miner
The elements of the software system are the words
from the requirements documents, interviews, etc. The
contexts considered for each word are the sentences
where it appears.
The Select function chooses the words having the same
part of speech in many sentences. The Context func-
tion for a given word, w, returns the sentences in which
w appears and it has the same part of speech.

• Clone detection
The elements of the software system are small sequences
of statements from the source code. The contexts con-
sidered are the parts of the source code files where



these sequences appear.
The Select function chooses those sequences of state-
ments that appear approximately the same in different
parts of the source code, depending on the clone de-
tection tool used. The Context function for a given
sequence seq of statements returns the parts from the
source code where seq appears, as considered by the
clone detection tool used.

• Fan-in
The elements of the software system are the methods
that appear in the source code. The contexts are the
methods that call them in the source code.
The Select function chooses all the methods whose
number of callers is greater than a given threshold.
The Context function for a given method m returns
all the methods that call m.

• Execution relations
The elements are the methods from the source code.
The contexts are the execution relations that exist be-
tween the methods. The relations may be obtained
from the program trace ([1, 2])) or from the source
code ([12, 13])).
The AM techniques based on execution relations re-
turn as results four sets of pairs ([2]), of the form
u◦v, that satisfy the uniformity and crosscutting con-
straints, where ◦ represents the type of the execution
relation. The methods chosen by Select are from the
left-side of the relation, and the Context for a method
m, are the methods from the right-side of the corre-
sponding relations.
For example, if ◦ is an execution relation and the cor-
responding result is R◦ = {u1 ◦ va, u1 ◦ vb, u1 ◦ vc, u2 ◦
vd, u2◦ve}, the methods chosen by Select are {u1, u2},
and Context(u1) = {va, vb, vc} and
Context(u2) = {vd, ve}.

• Execution traces The elements are the methods from
the source code. The contexts are the use-cases that
use these methods in their implementation.
The Select function chooses the methods that are used
in the implementation of at least two use-cases. The
Context function for a given method m returns the
use-cases where m was used.

• History Mining
The elements are the methods from the source code.
The contexts are the CVS transactions corresponding
to add-method-call operations.
The Select function chooses the methods that have
at least 8 add-method-call operations, meaning that a
call to these methods was added at least 8 times. The
Context function for a given method m returns the
methods (locations) where the calls to m were added.

3.4 Evaluation
The measures defined in Subsection 3.2 are general enough

in order to evaluate most aspect mining techniques. We have
not made an evaluation, yet, for the following reasons:

1. There is no case study publicly available, for which the
complete set of existing crosscutting concerns is also
publicly available.

2. In order to compute the values of the above proposed
measures, we need the tool associated to the AM tech-
nique or the results obtained by the technique must be
publicly available. Only a few tools are publicly avail-
able, and even less results obtained by AM techniques
for a certain case study (see Table 1).

3. The case study used for comparison should have (pub-
licly) available all the data required by existing AM
techniques. Even if most of the techniques require as
input the source code, there are a few that require dif-
ferent input. For example, JHotDraw cannot be used
for History Mining as there is no CVS archive avail-
able.

However, we intend to compare a part of the existing AM
techniques using JHotDraw as case study. We will use the
union of the sets of crosscutting concerns, publicly avail-
able, that were identified by different AM techniques as the
reference set of existing crosscutting concerns.

4. CONCLUSIONS AND FURTHER WORK
We have presented a set of new criteria that should be con-

sidered when comparing aspect mining techniques. We have
also defined a set of new evaluation measures to compare
the results obtained by different aspect mining techniques.
We did not used them, yet, but we intend to compute the
proposed measures for a part of AM techniques, using JHot-
Draw as case study.

Although the measures proposed in this paper are gener-
ally applicable, there are still some open issues that we will
further investigate:

• Have the values for a certain measure the same signif-
icance for AM techniques that are applicable at differ-
ent levels of granularity (statement, method)? i.e., for
ElemCov, is a percentage of 0.7 for statement based
techniques the same with 0.7 for method based tech-
niques?

• Can AM techniques that are applicable at different
stages from the development lifecycle be compared?
Suppose that there is a software system for which the
requirements documents, the design and the source
code are available. If we denote by CCCReq the set of
crosscutting concerns discovered during requirements,
by CCCDesign the set discovered during design and by
CCCCode the set discovered from the source code, in-
tuitively the following relation should hold CCCReq ⊆
CCCDesign ⊆ CCCCode. Is this true in practice?
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