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Background: Software Change Impact Analysis (CIA) is an essential technique in software engineering to
identifying the potential influences of a change, or determining change entities to accomplish such a
change. The results derived, in many cases, ambiguous for the software maintainers, introduces the prob-
lem of unclear starting point of these impacted entities.
Objective: In an attempt to address this issue, this work proposes a novel approach for cross-level CIA,
producing a ranked list of potentially impacted methods derived from class-level changes. Moreover,
the approach of ranking the impact results is expected to be effective for maintainers to distinguish
the probability of the impacted methods to be false-positives. Such results provide an eclectic approach
for CIA.
Method: The approach, FCA–CIA, uses formal concept analysis (FCA) to produce an intermediate represen-
tation of the program based on the static analysis of the source code. The representation is called Lattice
of Class and Method Dependence (LoCMD). FCA–CIA takes the changed classes in the change set as a
whole, and determines the reachable set from the changed classes on the LoCMD. Based on the hierarchi-
cal property of the LoCMD, the impacted methods are ranked according to the impact factor metric which
corresponds to the priority of these methods to be inspected.
Result: Empirical evaluations on four real-world software projects demonstrate the effectiveness of the
impact factor metric and the FCA–CIA technique. The result shows the predicted impacted methods with
higher impact factor values are more likely to be affected by the changes. Our study also shows that the
FCA–CIA technique generates more accurate impact set than the JRipples and ICP coupling based CIA
technique.

� 2013 Elsevier B.V. All rights reserved.
1. Introduction

Software maintenance and change are necessary to cope with
new requirements, existing faults and change requests, etc.
Changes made to software will inevitably have certain unpredict-
able and undesirable effects on the other parts of the software.
Software Change Impact Analysis (CIA) is a technique commonly
used to identify the potential effects caused by software changes
[11]. CIA starts with a set of changed elements in a software sys-
tem, called the change set, and attempts to determine a possibly
larger set of elements, called the impact set, which requires atten-
tion or maintenance effort due to these changes [11]. It plays an
important role in software development, maintenance, and regres-
sion testing [11,12,50,64]. CIA can be used before or after a change
implementation. Before making changes, we can employ CIA for
program comprehension, change impact prediction and cost esti-
mation [11,12]. After changes have been implemented, CIA can
be applied to trace ripple effects, select test cases, and perform
change propagation [50,64,10,49]. The commonly used CIA tech-
niques mainly contain static CIA and dynamic CIA techniques. Static
CIA techniques are often performed by analyzing the syntax and
semantic, or evolutionary dependence of the program (or its
change history repositories) [2,1,55,44,56,28]. The resultant impact
set often has many false-positives, with many of its elements not
really impacted [37,43,38]. Thus this impact set they compute is
very large and difficult for practical use [11]. Whereas dynamic
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CIA techniques consider some specific inputs, and rely on the anal-
ysis of the information collected during program execution (e.g.,
execution traces information, coverage information and execution
relation information) to calculate the impact set [37,5,43]. More-
over, their impact set often includes some false-negatives, that is,
some of the real impacted elements are not identified [11,38]. In
addition, the cost of dynamic CIA techniques is usually higher than
that of static CIA because of the overhead of expensive dependency
analysis during program execution [13,38].

In spite of such a collection of CIA techniques, there still exist
several problems with current CIA techniques as follows:

(1) The impact set is expected to have fewer false-positives and
false-negatives. To provide an eclectic approach for CIA is
necessary.

(2) The impact set computed by most of current CIA techniques
is composed of a set of potentially impacted entities (classes,
methods or statements). However, software maintainers do
not know where to start to inspect the impacted entities in
the impact set.

(3) The granularity level of impact set of a CIA technique is often
corresponding to that of the change set, i.e., when the change
set is at a certain granularity-level (files, classes, class mem-
bers), the impact set is also at the same granularity-level.
Sometimes a cross-level CIA which computes fine-level
impact set from coarse-level change set is needed [47,38].

(4) Most current CIA techniques compute the impact set based
on computing the union of the impact sets of each changed
element in the change set. It does not consider the relation
among the changed elements in the change set. But in prac-
tice, there exists some relationship among these changed
elements.

Faced with these problems, we propose a novel approach, FCA–
CIA, which uses Formal Concept Analysis (FCA) to support static CIA
for object oriented Java programs in this article. FCA is a field of
applying mathematics to deal with the study of the relation be-
tween entities and entity properties to infer a hierarchy of con-
cepts [23]. For every binary relation between entities and their
properties, a lattice can be constructed to provide a remarkable in-
sight into the structure of the original relation [23]. It can be em-
ployed to produce a decomposition of an existing program based
on the static analysis of the source code [54]. It has been shown
that FCA is an elegant and powerful code analysis technique for
software maintenance in the last few years [54,58]. This article
firstly presents a novel representation, called Lattice of Class and
Method Dependence (LoCMD), a compact and effective representa-
tion for CIA. LoCMD organizes methods into a hierarchical order.
Based on this observation, FCA–CIA computes a ranked list of im-
pact set by considering the change set as a whole. In addition,
FCA–CIA technique is particularly useful for multiple proposed
changes. Another advantage of using LoCMD is its easy application
to CIA. FCA–CIA can be easily performed on the LoCMD by deter-
mining the reachable set from the lattice nodes labeled by the
changed classes. The main contributions of this article are as
follows:

� Construct a representation LoCMD for objected oriented Java
programs, which can be easily applied to CIA.
� Propose a cross-level CIA technique, FCA–CIA, which starts from

class-level changes and produces a ranked list of potentially
impacted methods. These methods are ranked according to a
novel impact factor metric, which displays the priority for
inspecting this method.
� Show the effectiveness of the impact factor metric and the FCA–

CIA technique on four real-world case studies.
This article is organized as follows: in the next section, we pro-
pose a novel representation, Lattice of Class and Method Dependence
(LoCMD), to support CIA. Section 3 gives an introduction about the
FCA–CIA technique based on the LoCMD. We conduct some case
studies to validate the effectiveness of the FCA–CIA technique in
Section 4. In Section 5, some related work of CIA techniques and
applications of FCA in software maintenance are presented. Finally,
we conclude our CIA technique and show some future work in
Section 6.

2. Concept lattice for CIA

2.1. Basics for concept lattice

Formal Concept Analysis (FCA), also called concept lattice, is a
field of applying mathematics based on the schematization of con-
cept and conceptual hierarchy [23]. The basic notions of concept lat-
tice are those of the formal context and the formal concept, which
are defined as follows:

Definition 1 (Formal context). A formal context is defined as a
triple K ¼ ðO;A;RÞ, where R is a binary relation between a set of
formal objects O and a set of formal attributes A. Thus R#O�A.
Definition 2 (Formal concept). A formal concept, which is simply
called concept, is a maximal collection of formal objects sharing
common formal attributes. It is defined as a pair (O,A) with
O #O, A #A, O = s(A) and A = r(O), where sðAÞ ¼ fo 2 Oj8a 2 A :

ðo; aÞ 2 Rg ^ rðOÞ ¼ fa 2 Aj8o 2 O : ðo; aÞ 2 Rg.

In the above definition, s(A) is often said to be the extent of the
concept and r(O) is said to be its intent. Relation between concepts
often forms a partial order on the set of all concepts. We often use
the following subconcept definition to construct a concept lattice
[23]:

Definition 3 (Subconcept). Given two concepts (O1,A1) and (O2,A2)
of a formal context, (O1,A1) is called the subconcept of (O2,A2),
provided that O1 # O2 (or A1 � A2). we usually mark such relation
as: (O1,A1) 6 (O2,A2), O1 # O2, A1 � A2

The set of all concepts of a formal context forms a partial order.
Birkhoff has found in 1940 that it was also a complete lattice [9],
defined as:

Definition 4 (Concept lattice). The concept lattice LðCoÞ is a
complete lattice. LðCoÞ ¼ fðO;AÞ 2 2O � 2AjO ¼ sðAÞ ^ A ¼ rðOÞg,
where infimum and supremum of two concepts (O1,A1) and
(O2,A2) are defined as: (O1,A1) ^ (O2,A2) = (O1 \ O2,r(O1 \ O2)),
and (O1,A1) _ (O2,A2) = (s(A1 \ A2),A1 \ A2), respectively.

The complete information for each concept of LðCoÞ is given by
their extents and intents. However, if the concepts are all labeled
with such complete information, the lattice is really very hard to
understand. Fortunately, there is a simple way to represent their
extents and intents in a more compact and readable form. A lattice
element is labeled with a 2 Aðo 2 OÞ, if it is the most general (spe-
cial) concept having a (o) in its intent (extent). The lattice element
marked with a is thus [23]:

lðaÞ ¼ _fco 2 LðCoÞja 2 intðcoÞg

In this formula, int(co) represents the intent of the concept co. And it
indicates that all concepts smaller than l(a) have a in its intent.
Similarly, the lattice element marked with o is:

cðoÞ ¼ ^fco 2 LðCoÞjo 2 extðcoÞg



Fig. 1. A simple Java example program.
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Here, ext(co) represents the extent of the concept co. This formula
indicates that all concepts greater than c(o) have o in its extent. With
such labeling approach, suprema in the lattice denotes that certain
objects have common attributes while the infima shows that some
attributes fit to common formal objects. In the next section, we pro-
posed a representation to represent the object oriented Java program.



Table 1
Formal context for the simple Java example.

Formal
objects

Formal attributes

Vertex getVertexType (), setVertexType (), getId (), setId (), getInVertex (),
getFrom (), getOutVertex (), getTo (), hasOut (), hasIn (),
addOutEdge (), Edge (), getOutEdgeTo (), removeEdgeTo (), addEdge
(), removeVertex ()

Edge Edge (), setFrom (), setTo (), getEdgeType (), setEdgeType (),
getFrom (), getTo (), getInVertex (), getOutVertex (), getOutEdgeTo
(), removeEdgeTo ()

Graph Graph (), sizeVertexes (), sizeEdges (), containsEdge (), addEdge (),
addVertex (), addOutEdge (), addVertex (), removeVertex (),
removeEdgeTo ()
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2.2. LoCMD for CIA

Class is the basic element in object oriented programming envi-
ronment, which is also one of the key factors to transform from the
requirement or design domain to code domain. In addition, the
granularity level of most current CIA techniques are method level
[38]. Therefore, the representation of object oriented Java program
is also focused on class and method level. FCA is instantiated as fol-
lows: formal objects are the classes while formal attributes are
their member methods. The binary dependence relation between
them forms a pair if some class depends on some method. We de-
fine the dependence relation between class and member method as
follows:

Definition 5 (Dependence between class and method). Given that a
class c and a method m in a program, class c depends on method m,
if and only if, at least one of the following conditions is satisfied:

1. m belongs to c;
2. m belongs to any superclass of c;
3. c depends on another method k calling m;
4. c depends on another method k called by m.

With the instantiation of formal context, concept lattice is gen-
erated based on the bottom-up lattice constructing algorithm [23].
We call our lattice as Lattice of Class and Method Dependence
(LoCMD).

A formal context can be easily represented by a relation table, in
which rows are headed by classes and columns headed by meth-
ods. Fig. 1 gives a simple Java example, which describes basic data
structure of the Graph. This example is composed of three classes
and 26 methods. Then according to Definition 5, the dependence
between classes and methods is extracted, as shown in Table 1.
The left column shows the classes of the program, and the right
column shows the methods that have dependence with the class
in the left corresponding column. Such a table forms the formal
context to be analyzed. By applying FCA technique to the formal
context in Table 1, LoCMD of the Graph program is generated as
shown in Fig. 2. On the LoCMD, nodes are associated with the for-
mal concepts while edges correspond to the containment relation
between concept intents. Each lattice node on the LoCMD in
Fig. 2 is marked with the l(a) (I Set) labeling and c(o) (E Set) label-
ing. From the definitions above, we can obtain the following corol-
lary about the lattice LðCoÞ:

Corollary 1. Given LoCMD: LðCoÞ ¼ ðN; EÞ. C represents a set of
classes. For c 2 C, M(c) represents a set of methods that class c depends
on. Then, we have

n 2 N () ext½n� ¼ fc 2 Cj8m 2 int½n� : m 2 MðcÞg ^ int½n� ¼ fm
2 Mj8c 2 ext½n� : m 2 MðcÞg

ðn;mÞ 2 E() int½n� � int½m� ^ 9= k 2 N : int½n� � int½k� � int½m�

This corollary in fact corresponds to the formal notion of con-
cept in Definition 2, which represents the content of each node
and the relation between the nodes on the LoCMD. According to
the hierarchical properties of concept lattice, we can give the fol-
lowing three explanations for the resulting LoCMD:

� The lattice presents a hierarchical classification of formal
objects and formal attributes, for example, co2 6 co0 (a.k.a.,
l(addEdge (),addOutEdge (), removeVertex ()) 6 l(removeEdgeTo
())) indicates that all the classes depending on the methods add-
Edge (),addOutEdge (), removeVertex () also depend on the
method removeEdgeTo ().
� The supremum of co4 (c(Vertex)) and co5 (c(Graph)) is labeled
by the methods addEdge (), addOutEdge (), removeVertex (),
which means that both Graph and Vertex depend on these three
methods; similarly, the infimum of some concepts labeled by
some methods are marked by some class c, which indicates that
class c (and all classes below c(c), but no other) depends on
these methods.
� These methods (namely Graph (), sizeVertexes (), sizeEdges (),

containsEdge (), addEdge (), addOutEdge (), addVertex (), remove-
Vertex (), removeEdgeTo ()) upward reachable from c(Graph)
(corresponding to co5) are potentially used by the class Graph.

In this article, CIA is just performed based on these
explanations.

2.3. Discussions

LoCMD is a kind of concept lattice, which describes the depen-
dences between classes and methods for the object oriented Java
programs. It is really a compact and effective representation, in
which one node can express either the classes in its extent or the
methods in its intent. Thus the size of the LoCMD is smaller than
traditional dependence graph [30,44,22,55], on which each class
and method are expressed with one node. In spite of the loss of
an amount of information on our representation, our representa-
tion can meet the demands that CIA needs. The one thing we need
to do is to provide the formal context of the software. Then a con-
cept lattice is automatically generated. Additionally, LoCMD orga-
nizes methods into a hierarchical order, which can help define
the probability of the methods belonging to the impact set. With
these impact results, maintainers can be effective and motivated
to inspect which elements are more probably affected. Therefore,
LoCMD is suitable for its application in CIA.

Although LoCMD here is used for object oriented Java programs,
it can be also extended to most of other object oriented programs,
such as C++. In other object oriented programs, basic entities also
include classes, class methods. In addition, the dependence rela-
tionship between them can be defined similarly. Therefore, our
LoCMD to represent object oriented Java programs can be easily fit-
ted to other object oriented programs.

3. Change impact analysis

CIA is employed to estimate the potential ripple effects of the
changes made to the software. The input of the CIA is often identi-
fied using the feature location technique [48,19]. Programmers use
feature location to find where in the source code the initial change
needs to be made [19]. The full extent of the change is then deter-
mined by CIA, which contains a collection of techniques for deter-
mining the effects on other parts of the software due to proposed
changes [38]. The output of many feature location techniques is



Fig. 2. LoCMD for the simple Java example program.

B. Li et al. / Information and Software Technology 55 (2013) 1437–1449 1441
composed a set of classes [19], so we assume the change set to be
composed of a set of classes. In this article, a cross-level CIA tech-
nique, FCA–CIA, is proposed with support of FCA, which generates
method-level impact set from class-level change set. The process
of using FCA to support CIA includes three steps:

Step 1: A formal context with formal object and formal attribute is
provided. It is based on the analysis of the dependence
between classes and methods, and such dependence is
defined as Definition 5.

Step 2: Then concept lattice (LoCMD) is generated by applying
concept lattice construction algorithm to the formal con-
text obtained from Step 1 [23].

Step 3: Finally, CIA is conducted based on the hierarchical prop-
erty of the concept lattice.

3.1. Computing impact factor based on LoCMD

The output of the CIA is the impact set, which includes the
potentially impacted elements. In practice, the elements in the im-
pact set are expected to be a ranked list, which facilitates users to
focus on the elements with higher priority. Since LoCMD structures
methods into a hierarchical order, we compute a ranked list of
potentially impacted methods based on the following two
assumptions:

� Upward reachable lattice nodes include methods that are
shared by an increasing number of classes, hence they are
expected to be less and less impacted by the change.
� Lattice nodes upward reachable from the nodes labeled by an

increasing number of changed classes (least common ancestors
for these changed classes) are more probably affected by these
changed classes.

The first assumption considers the distance on the lattice,
which implies that the probability of a method impacted by
the changed classes decreases as we move from lattice nodes la-
beled by these changed classes to upper reachable nodes. And the
second assumption tells us that methods upward reachable from
more joint changed classes are more probably impacted. This
assumption considers the relation among the changed classes in
the change set, rather than arbitrary classes of the software.
According to these two assumptions, a metric, Impact Factor
(IFj) of the lattice node j is defined to show the probability of
its labeling methods to be impacted. The IF metric is defined as
follow:
IFj ¼ nþ 1
Pn

i¼1minðdistðj; iÞÞ þ 1

In this formula, n is the number of multiple changed classes upward
reachable to lattice node j; min(dist(j, i)) is the least number of edges
needing to traverse upward from lattice node i to node j. In the lat-
ter part of this formula, 1 is added to the sum of the distance to pre-
vent the denominator from ever becoming 0. From the formula, we
know that the IF values are always bigger than 1 and smaller (or
equal to) than n + 1, because the methods are considered to be al-
ways affected by at least one changed class. Another obvious corol-
lary is that if a method is upward reachable from k classes, its IF
value must be between k and k + 1, and vice versa.

The IF formula is clearly accorded with these two assumptions
proposed above: 1Pn

i¼1
minðdistðj;iÞÞþ1

in the formula expresses the first

assumption, and n expresses the second assumption. Methods in
the impact set with higher impact factor may be more probably im-
pacted. Thus, maintainers should first inspect these methods to see
whether they need corresponding modifications.

Consider our Java program in Fig. 1 as an example. Classes Ver-
tex and Graph are assumed to be changed. According to our defini-
tion of the impact factor, we can compute the impact factor of
upward reachable concepts labeling the potentially impacted
methods in Table 2. Columns in Table 2 represent the priority to
check the impacted methods (Priority), lattice nodes reachable
from the concepts labeled by changed classes (Node), potentially
impacted methods labeling these reachable concepts (IM), and
the impact factor (IF), respectively. From Table 2, we see a ranked
list of methods with their IF values. Take the concept node co2 as
an example. co2 is reachable from both these two changed classes,
so n = 2. Then, we compute the least number of edges needing to
traverse upward from lattice node co4 to node co2 and co5 to node
co2. They both are 1. So the sum of their distance is 2. Finally, we
obtain the IF value of node co2, which is 2.3. The concept node co2
is labeled by the methods addEdge (), addOutEdge (), removeVertex
(). And the IF values of other lattice nodes (methods) are computed
in a similar way.
3.2. FCA–CIA process

In this article, FCA–CIA is conducted in a straightforward up-
ward way on the LoCMD. The input of our FCA–CIA is composed
of a set of changed classes and the output is a ranked list of im-
pacted methods. Given the classes to be changed are {c1,c2, . . . ,cn},
FCA–CIA is performed by means of the following way:



Table 2
Impact factor computation for the Vertex and Graph changes.

Priority Node IM IF

1 co2 addEdge (), addOutEdge (), removeVertex () 2.3
2 co0 removeEdgeTo () 2.2
3 co4,

co5
Graph (), sizeVertexes (), sizeEdges (), containsEdge (), addVertex (), getVertexType (), setVertexType (), getId (), setId (), getInVertex (), hasOut (),
hasIn ()

2

4 co1 Edge (), setFrom (), getOutVertex (), getTo (), getOutEdgeTo () 1.5

1 http://www.eclipse.org/.
2 www.mozilla.org/rhino.
3 http://ant.apache.org.
4 http://santuario.apache.org/.
5 http://jakarta.apache.org/jmeter.
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1. Determine the set of lattice nodes {co1,co2, . . . ,cok}, which are
labeled by {c1,c2, . . . ,cn} on the LoCMD.

2. Compute the set of lattice nodes upward reachable from
{co1,co2, . . . ,cok}.

3. Calculate the impact factor of those lattice nodes obtained in
previous two steps.

4. Prioritize the set of lattice nodes according to their impact factor
results, and provide the potentially impacted methods labeling
these ordered lattice nodes to maintainers for inspection.

The FCA–CIA procedure described above firstly requires the
location on the LoCMD which is directly affected by the changed
classes. Then, methods labeling those (upward) reachable concept
nodes are potentially affected by these changes. Finally, these
methods are prioritized according to their impact factor results,
and those with larger IF values are firstly provided to maintainers
for inspection.

For our Java example, with reference to the LoCMD in Fig. 2, the
classes Vertex and Graph are proposed to be changed. First, we
identify the set of nodes labeling these two classes (co4 and co5).
Then, according to Step 2, we compute the (upward) reachable
concept nodes, which can be referred to Column 2 in Table 2. After
this, impact factor values of these concept nodes are calculated,
which are shown in the last column of Table 2. From these IF val-
ues, we prioritize these impacted methods as presented in Column
1 in this table. Finally, the ranked list of impacted methods is sub-
mitted to maintainers for inspection. The results show that meth-
ods addEdge (), addOutEdge (), removeVertex () have the highest IF
value, thus they are firstly provided to maintainers for inspection.
And other methods with IF values from high to low are sequen-
tially submitted for check.

3.3. Discussion

FCA–CIA is a cross-level technique, which computes a finer
method level impact set according to a given coarser class level
change set, and it is performed relying on two assumptions. One
considers the relationship among the changed classes in the
change set, and the other considers the distance between the
potentially impacted method and the change set. To the best of
our knowledge, current approaches are mainly focused on com-
pute the impact set from single element in the change set, and
there have been no approaches that take all the elements in the
change set as a whole. Therefore, FCA–CIA is particularly suitable
for multiple changes.

The IF metric is important to rank the methods in the impact
set. There are two assumptions behind impact factor computation.
For most object oriented programs, these two assumptions are rea-
sonable. However, they may be inaccurate in some special environ-
ment. For example, for the system with god classes or functional
designed system implemented with object oriented languages,
the effectiveness of the assumptions is affected. In this case, the
probability of a method with low IF value may be more probably
affected. On the other hand, the IF metric is defined on the concept
nodes rather than the methods, i.e., it does not rank the methods
that are inside the nodes. For example, in Table 2 for node co4
and co5, it is not clear which methods will be ranked on the second,
third, and etc., as they all have the same IF value. This is because
the change set provided is only known at class level, which does
not consider the finer-granularity level and the type of a change,
which is future work.
4. Case study

In this section, we present some case studies to evaluate the
effectiveness of the IF metric and the FCA–CIA technique. In our
studies, we address the following research questions:

RQ1: Does impacted methods with higher IF values have higher
probability to be affected?

RQ2: Does the FCA–CIA technique improve the accuracy of the
impact set over the other CIA techniques?

4.1. Setup

4.1.1. Environment
We implemented the FCA–CIA technique with Java language in

the Eclipse environment.1 All the case studies were also conducted
in the Eclipse environment.
4.1.2. Subject programs
As the FCA–CIA technique is implemented with Java language in

the Eclipse environment, we select four open source Java projects
for our case studies as shown in Table 3. The table shows some ba-
sic information of these projects, including: name of the project
(Name), the evaluation period (Period), the number of classes
(Class), the number of methods (Method), the number of lattice
nodes generated for the project (Lattice), and lines of code (LoC).
The number of classes, methods, lattice nodes, and lines of code
are averaged across different versions for these projects. These pro-
jects are general enough to represent real-world software systems
and their history of changes is available. Moreover, they have been
widely used as case study in the context of CIA [25,38].

The first subject is Rhino,2 which is an open source JavaScript en-
gine and managed by the Mozilla Foundation. The second subject is
Ant,3 which is a Java library and command-line tool to drive pro-
cesses described in build files as targets and extension points depen-
dent upon each other. XML – security4 is a component library
implementing XML signature and encryption standards. The final
subject is JMeter,5 which is a Java desktop application designed to
load test functional behavior and measure performance. We extract
five consecutive versions (v0 ? v5) from their CVS repositories for
our case studies.

http://www.eclipse.org/
http://www.mozilla.org/rhino
http://ant.apache.org
http://santuario.apache.org/
http://jakarta.apache.org/jmeter


Table 4
The number of bugs and the correlated changed classes of these four projects during their consecutive evolution.

System The number of bugs and the correlated changed classes

v0 ? v1 v1 ? v2 v2 ? v3 v4 ? v5

Bug CS Bug CS Bug CS Bug CS

Rhino 3 14 6 25 5 16 5 19
Ant 7 39 6 29 8 36 7 23
XML – security 4 18 3 14 6 20 3 11
Jmeter 3 16 5 22 5 19 4 15

Table 3
Subject programs.

Name Period Class Method Lattice LoC

Rhino 2012-01-10 to 2012-04-23 142 1916 1274 36,223
Ant 2004-02-12 to 2005-06-02 316 2691 1566 149,191
XML – security 2010-09-15 to 2010-11-18 192 1564 2067 59,905
Jmeter 2003-02-03 to 2005-10-03 189 1237 595 73,850
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4.1.3. Process
The process of conducting our case study includes three main

stages: change set extraction, change impact analysis, and results
collection. The details of these stages are as follows:

� Change set extraction. As the input for the CIA is the change set,
we should first identify the change set. The change set of the
FCA–CIA is composed of a set of changed classes. We obtain
the change set in this way. For a given subject system, a set of
bug reports is mined from the bug tracking system, such as
Bugzilla.6 The classes which had been changed to fix each bug
are then mined from their software history repositories. Specific
details on the process of the identification of the bug reports
and changed classes can refer to [46]. During the process of col-
lecting a set of bug reports and sets of changed classes respec-
tively, we only include the bugs which contained more than
three modified classes. As a result, there are 80 bugs for these
four subject programs during their five consecutive evolution.
And for these bugs, the overall size of the changed classes are
336. Details of the bugs (Bug) and the correlated changed classes
(CS) are shown in Table 4.
� Change impact analysis. Having the change set, we apply the

FCA–CIA technique to compute the impact set. In addition, we
use another two comparative CIA techniques (JRipples [44], ICP
coupling based CIA [15]) for comparison. For JRipples, it can
tackle different granularity-level (class, method and block)
changes and is implemented as a plug-in7 for the Eclipse plat-
form which can be easily run for the case study, it is selected
for our comparative study. This technique is performed based
on class and member dependency graph (CMDG). The compo-
nents of CMDG including classes and their members of an arbi-
trary nesting level, are at the disposal of the users. Thus JRipples
allows the user to interact with the iterative CIA process to switch
from one granularity level to another. In our study, this tool is
used to generate the method-level impact set from the class-level
change set. The methods in the impact set produced by JRipples
are ranked by their corresponding levels. Hence, the output of
these two CIA techniques are method-level impact set, in which
methods are ranked with their respective parameters. For cou-
pling based CIA [15], we used the ICP coupling (a.k.a., informa-
tion-flow-based coupling) to collect the impact set coupled
with the changed classes, as this coupling has higher precision
6 http://bugzilla.mozilla.org/.
7 http://jripples.sourceforge.net/.
and recall values over the other coupling-based CIA techniques
[46]. ICP represents the number of method invocations in a class
C, of methods in class D, weighted by the number of parameters
of the invoked methods. It can only compute the coupled classes
in the impact set. So for comparison, we need to make some
changes. After FCA–CIA computes the method-level impact set,
it also needs to compute the enclosing classes of the methods
in the impact set, which is easily done. These impacted classes
are also ranked by the IF values of their enclosing methods. If
the enclosing methods of a class have different IF values, we com-
pute their average value for comparison. Hence, for this compar-
ative study, the output of these two CIA techniques are class-level
impact set, in which classes are ranked with their respective
measures.
� Results collection. The output of these three CIA techniques is a

ranked list of impacted methods or classes. To facilitate com-
parison, we employ a specific cut point criterion which ranges
from 10% to 40% of potentially impacted methods. For each
change set, we assess the accuracy of their impact sets via rank-
ings of specific cut point.

4.1.4. Measures
Accuracy is a critical factor to evaluate the CIA technique. To

evaluate the accuracy of a technique, two widely used metrics
are precision and recall [65]. The combination of these two mea-
sures are used to assess the accuracy of an impact analysis tech-
nique. Precision is an inverse measure of false-positives while
recall is an inverse measure of false-negatives. These two evalua-
tive metrics are defined as follows:

P ¼ jActual Set \ Estimated Setj
jEstimated Setj � 100%

R ¼ jActual Set \ Estimated Setj
jActual Setj � 100%

Here, Actual Set is the set of methods/classes which are actually
changed during bug fixing. Estimated Set is the impact set predicted
by the CIA techniques.
4.2. Results and analysis

In this section, we gather and analyze the results collected from
the case studies to answer RQ1 and RQ2.

http://bugzilla.mozilla.org/
http://jripples.sourceforge.net/


Fig. 4. Precision of the impact set of different IF values.

Fig. 3. Precision of the impact set in different IF ranges.

Table 5
The Kruskal–Wallis test results for the precision of different IF
values.

Statistical results Precision

DF (degrees of freedom) 6
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4.2.1. RQ1
In this section, we validate the first research question. As higher

precision corresponds to higher probability of the impact set to be
really affected, we see the precision of the impact set of different IF
values. Fig. 3 shows the precision values of different IF values of
four programs. From the variation tendency, we see that the bigger
the IF value is, the higher the precision it corresponds to. When
4 < IF < 5, most of the precision values for these four programs
are above 30%. When 3 < IF < 4, most of the precision values de-
crease to 20–30%. With continuous decrease of the IF value, the
precision values also decrease. When 1 < IF < 2, the precision val-
ues decrease to 10% below. In addition, we also show the precision
of finer-level selection of IF values as in Fig. 4. The results also show
the similar phenomenon, i.e., impact set with higher IF value has
higher probability to be affected. Hence, we observe that prioritiz-
ing the impacted methods according to the IF values is helpful.
When the maintainer traces the change effects or implements
modification tasks, he can preferentially inspect those methods
with high IF values first.

In addition, to compare values of precision for the impact sets of
different IF values and conclude whether or not the difference is
statistically significant, the Kruskal–Wallis statistical test is exe-
cuted [52]. It is a nonparametric statistical test used to compare
three or more groups of sample data. We used the SPSS8 software
to execute Kruskal–Wallis test for precision values of the different
IF-level impact sets. For more details on the Kruskal–Wallis test,
readers can refer to the work of Siegel and Castellan [52]. The statis-
tical results are shown in Table 5. The results show that at the level
of significance for alpha = 0.05, the decision is to reject the null
hypothesis of absence of differences between the different IF-level
impact sets. That is to say, differences between precision values of
different IF values are statistically significant. We can conclude that
the IF metric is effective in distinguishing the probability of the
methods belonging to the true-positives. In other words, methods
in the impact set with higher IF values are more likely to be really
affected.
Chi-square 23.198
Asymp. sig. 0.001
Alpha 0.05
4.2.2. RQ2

The FCA–CIA technique is a novel cross-level technique, which
computes the method-level impact set from class-level change
set. At present, there is few technique focusing on such kind of im-
pact analysis. And we compare our techniques with the other CIA-
techniques with some adjustment. First, we make some changes on
JRipples to generate method-level impact set from class-level
changes for comparison. Then, we modify our own CIA technique
to generate the class-level impact set from class-level changes
for comparison with ICP coupling based CIA. Here we resort to
these two techniques for comparison to see whether the FCA–CIA
technique improves the accuracy. In the following, we discuss their
comparison results, respectively.

As both FCA–CIA and JRipples can generate a ranked list of im-
pact set, in our case study, different cut points ranging from 10%
to 40% of potentially impacted methods are selected. Then, we
compute precision and recall values for each cut point for each
CIA technique. The accuracy (precision and recall) results of using
these two CIA techniques to rank potentially impacted methods
during impact analysis for these four subject programs are pre-
sented in Fig. 5. First, consider the precision of the impact sets of
these two approaches. For all four subject programs, we see that
the FCA–CIA technique has better precision results over the JRipples
technique. For example, in case of the cut point of 10% of the Rhino
system, the average precision of the FCA–CIA technique is 34%, and
for JRipples CIA technique, the precision is 22%. Increasing the cut
8 http://www-01.ibm.com/software/analytics/spss/.
point to 20% (or above) of the impact set, the precision of both
CIA techniques decrease. But, whatever the cut point is, the preci-
sion values of the FCA–CIA technique are always better than the
JRipples technique. Then, we see the recall results of these two
CIA techniques in Fig. 5. The results show that sometimes the recall
of the FCA–CIA is better than the JRipples technique, for example, in
case of the cut point of 20% (30%) of the Ant system. Yet, sometimes
the JRipples technique has better recall, for example, in case of the
cut point of 10% (20%) of the Ant system. However, the gap of the
recall values between these two techniques is not big. Table 6 pre-
sents a quantitative comparison of the accuracy of these two CIA
techniques, i.e., the absolute and relative gain of the accuracy re-
sults of the FCA–CIA and JRipples approach using various cut points.
The results show that the gap of the precision between these two
CIA techniques is bigger than the gap of their recall values. For
example, for the cut point of 10% of the Ant system, the absolute
precision and relative precision of the FCA–CIA over the JRipples
are 6% and 33%, while their absolute recall and relative recall val-
ues are only �2% and �7%. And for other cut points, a similar phe-
nomenon can be found. In order to compare values of precision and
recall for these two CIA techniques and conclude whether or not
the difference is statistically significant, we executed the Mann–
Whitney U test [18], which is a nonparametric approach to assess
whether a difference exists between two independent observa-
tions. We still used the SPSS software to execute Mann–Whitney
U test for precision and recall values of different cut points of

http://www-01.ibm.com/software/analytics/spss/


Fig. 5. The accuracy comparison results of the FCA–CIA and the JRipples approach.

Table 6
The absolute and relative gain of the accuracy results of the FCA–CIA and JRipples approach using various cut points.

System Gain Cut point

10% 20% 30% 40%

P (%) R (%) P (%) R (%) P (%) R (%) P (%) R (%)

Rhino Absolute 12 3 9 �1 7 �4 9 5
Relative 55 13 53 �3 78 �9 300 9

Ant Absolute 6 �2 5 �4 3 3 2 4
Relative 33 �7 36 �10 27 26 25 6

XML – security Absolute 8 1 6 4 5 �3 4 �3
Relative 29 4 26 11 29 �6 40 �5

Jmeter Absolute 6 2 6 �2 2 1 2 2
Relative 25 7 32 �6 17 2 22 4
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methods for these four subjects. The statistical results are shown in
Table 7. First, we see the statistical results of the precision for dif-
ferent cut points. The results show that at the level of significance
for alpha = 0.05, the decision is to reject the null hypothesis of ab-
sence of differences between these two CIA techniques. That is to
say, differences of the precision between these two CIA techniques
are statistically significant. Second, we see the statistical results of
the recall for different cut points. The results show that the null
hypothesis of absence of differences between these two CIA tech-
niques is accepted. That is to say, difference between the recall of
these two CIA techniques is not statistically significant. Therefore,
from the analysis above, our CIA technique is better than the JRip-
ples approach in terms of precision, but no obvious difference can
be found between their recall.

Then, we see the comparison between FCA–CIA and ICP coupling
based CIA. They both generate the class-level impact sets, in which
classes are ranked with their respective measures. So we also select
the impact sets with different cut points ranging from 10% to 40%.
Then, we compute precision and recall values for each cut point for
each CIA technique. The results are presented in Fig. 6. From the re-
sults, we see that the FCA–CIA technique has both higher precision
and recall values than that of the ICP coupling based CIA technique.
For example, in case of the cut point of 10% of the Rhino system, the
average precision and recall of the FCA–CIA technique are 38% and
22%, respectively, and for ICP coupling based CIA technique, the
precision and recall are 15%. Increasing the cut point to 20% (or
above) of the impact set, the precision of both CIA techniques de-
crease, and their recall values increase. But, whatever the cut point
is, both the precision and recall values of the FCA–CIA technique are
always better than the ICP coupling based CIA technique. Table 8
presents a quantitative comparison of the accuracy of these two
CIA techniques. The results also show a similar phenomenon that
the FCA–CIA is better in terms of the precision and recall. And
sometimes the gap is big, and sometimes the gap is low. We also
use the Mann–Whitney U test for precision and recall values of dif-
ferent cut points of impacted classes to show whether significant
differences exist between these two CIA techniques. The statistical
results show that at the level of significance for alpha = 0.05, the
decision is to reject the null hypothesis of absence of differences
between these two CIA techniques for both precision and
recall values. That is to say, differences of the precision and recall
between these two CIA techniques are statistically significant.



Table 7
The Mann–Whitney U test results for the precision and recall of different cut points of methods.

System Asymp. sig. Cut point

10% 20% 30% 40%

Rhino Precision 0.011 0.023 0.018 <0.001
Recall 0.604 0.711 0.659 0.782

Ant Precision 0.026 0.016 0.039 0.047
Recall 0.576 0.601 0.214 0.593

XML – security Precision 0.032 0.024 0.043 0.019
Recall 0.717 0.159 0.612 0.359

Jmeter Precision 0.021 <0.001 0.044 0.011
Recall 0.607 0.728 0.811 0.703

Fig. 6. The accuracy comparison results of the FCA–CIA and the ICP coupling approach.
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Therefore, from the analysis above, our CIA technique is better than
the ICP coupling based CIA technique in terms of precision and
recall.

4.3. Threats to validity

Like any empirical validation, ours has its limitations. In the fol-
lowing, some threats to the validity of our case study are discussed.

First, we only apply our technique to four subject programs.
Thus we cannot guarantee that the results in our case studies
can be generalized to other more complex or arbitrary subjects.
However, these subjects are selected from open source projects
and widely employed for experimental studies [38]. In addition,
the real impact set is obtained by selecting the differences (meth-
od/class changes) between consecutive versions. These differences
may not be the actual impacts in real programs version, this may
affect the evaluating measures of the impact results.

A second concern is the comparative study. JRipples was de-
signed to be used manually and systematically by developers,
and not in an automatic way to recommend set of methods. Here,
we just used it to produce a set of methods from the changed clas-
ses. This may affect its merits. In addition, we only select the ICP
coupling based CIA technique for comparison with our CIA tech-
nique for four projects. Some other coupling based CIA techniques,
for example, CBO, PIM, and MPC [15], may generate different re-
sults. Here selection of this coupling is based on the empirical re-
sults from the work of Poshyvanyk et al. [46]. In the future, we
hope to find a more justified comparative CIA technique for
comparison.
5. Related work

In this section, we introduce some related work from two as-
pects: (1) change impact analysis and (2) applications of FCA in
software maintenance.
5.1. Change impact analysis

Current researches in CIA have varied from relying on static
information [2,1,56,28] to dynamic information [43,37,5] in work-
ing out the impact set. Some also utilized both static and dynamic
information in combination [49,67,24]. FCA–CIA mainly focuses on
static analysis of the program. Static CIA techniques take all



Table 8
The absolute and relative gain of the accuracy results of the FCA–CIA and ICP coupling approach using various cut points.

System Gain Cut point

10% 20% 30% 40%

P (%) R (%) P (%) R (%) P (%) R (%) P (%) R (%)

Rhino Absolute 12 7 11 6 9 6 9 6
Relative 46 47 58 25 90 19 180 15

Ant Absolute 7 7 9 7 5 9 2 8
Relative 33 37 75 28 63 28 33 20

XML – security Absolute 9 4 8 8 6 8 5 6
Relative 30 27 36 40 33 26 45 16

Jmeter Absolute 8 6 8 9 7 12 7 13
Relative 31 60 40 47 64 50 117 42
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possible behaviors and inputs into account, and they are often per-
formed by analyzing the syntax and semantic dependence of the
program [11,38]. The static analysis includes textual analysis, his-
torical analysis and structural static analysis.

Textual analysis is an approach which extracts the conceptual
dependence (conceptual coupling) based on analysis of the non-
source code (comments) [46,25]. These coupling measures provide
a new perspective to traditional structural coupling measures [14].
Conceptual coupling is based on measuring the degree to which
the identifiers and comments from different classes relate to each
other. The coupling measures can help rank classes in software sys-
tems based on different types of dependencies among classes
[46,25]. Those classes strongly coupled with changed class are
thought as the most probable impacted classes which need inspec-
tion. The granularity level they analyzed is at the class level, while
ours is at cross level.

Historical analysis is performed by mining the information from
multiple evolutionary versions in software historical repositories
[68,16,51,31,33,42,24]. With this technique, some evolutionary
dependencies between program entities that cannot be distilled
by traditional program analysis technique can be mined from these
repositories. Evolutionary dependencies suggest that for those
entities that are (historically) changed together in software repos-
itories, i.e., co-changes, they may need to change when one (some)
of the entities are changed during future software evolution. CIA is
then supported based on these co-change dependencies. These CIA
techniques need multiple versions of the subject programs from
the software historical repository, and usually generate the impact
set at a coarse class (file) level while our technique needs only the
current version of program, and produces the impact set at the
method level.

Structural static dependencies between program entities are
very crucial to CIA, i.e., if a program entity changes, other depen-
dent entities might also have to change [44,56,57,55,44]. Structural
static analysis usually analyzes the structural dependencies to
build an intermediate representation for the program, and then
computes the impact set based on transitive closure on the repre-
sentation. Our CIA technique also performs structural static analy-
sis, and obtains a more precise impact set by considering the
interferences among the proposed changes.

CIA techniques discussed above all belong to static analysis. Due
to the imprecision of the impact set computed by these techniques
[37,43], some researchers proposed dynamic CIA techniques which
focused on a set of specific program executions. Dynamic CIA tech-
niques rely on analysis of the information collected during the exe-
cution to calculate the impact set [43,37,5,8]. Their impact sets are
more precise. However, the cost of dynamic CIA techniques is high-
er for its overhead in collecting the execution information. More-
over, the impact set they compute often includes some false-
negatives.
5.2. FCA applied in software maintenance

FCA is used to deal with the binary relation between entities and
entity properties to infer a hierarchy of concepts [23]. Such a bin-
ary relationship usually occurs in software field, which attracts a
batch of researchers to focus on its applications in software engi-
neering field [61,29,58], especially in software maintenance, such
as software comprehension, change impact analysis, refactoring,
debugging and testing.

An amount of work of FCA applied in software maintenance is
used to support program comprehension. Many of the work using
FCA to support program comprehension focuses on feature location
[20,36,45,27], class hierarchies identification [54,59], modularity
assessment [53,6], reengineering pattern recognition (e.g., design
patterns [62,40], reuse interfaces [66], co-change patterns [26]),
dynamic analysis [7,26], etc.

As is presented in this article, some work uses concept analysis
for impact analysis. Tonella provided a novel representation, called
the concept lattice of decomposition slices by relating program
variables to the statements, and applied concept analysis in such
context to support CIA [60]. This article also employs concept lat-
tice to perform impact analysis. The difference is that Tonella’s
CIA better fits the intraprocedural level and the granularity level
is at statement level. Here the FCA–CIA technique is a cross-level
technique. The input is changed classes and output is a ranked list
of potential impacted methods. Our CIA technique better fits to ob-
ject oriented programs.

In addition, some work utilizes formal concept analysis to extract
the candidate bad-smell source code for refactoring. The refactoring
techniques of applying concept lattice mainly include class hierar-
chies refactoring [54,39,41,32], module refactoring [59,3,35], and
low-level to high-level programming refactoring [63,21].

Also, some researchers apply formal concept analysis to debug-
ging [4,17] and testing [34]. Ammons et al. provided a novel ap-
proach for debugging temporal specifications with concept
analysis by grouping the traces into highly similar clusters, which
can save much effort for the users [4]. In addition, Khor and Grog-
ono combined the genetic algorithm with concept lattice to auto-
matically generate branch coverage test data [34].

6. Conclusion and future work

This article proposed a novel cross-level FCA–CIA technique
based on FCA. FCA–CIA computes a ranked list of potential im-
pacted methods from class-level changes. And methods in the im-
pact set are ranked by an IF metric, which shows the probability of
the methods to be affected. Finally, case studies on four open pro-
grams well show the effectiveness of the IF metric and an improve-
ment of accuracy over that of the JRipples and ICP coupling based
CIA techniques.
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Though we have shown the effectiveness of our technique
through real case studies, it cannot indicate its generality for other
real environment. And we will conduct experiments on other arbi-
trary programs to evaluate the generality of our technique. In addi-
tion, we would like to research on how to further refine the IF
metric when changes are known at method level. Finally, the im-
pacted methods with their impact factor values in the impact set
are objective and quantitative result, and we are planning on
investigating how to apply the results to software maintenance
activities concretely, such as change cost estimation and regression
testing.
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