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Abstract—Due to changing nature of change coupled relation,
corrective maintenance of any software system is costly. Existing
works on change coupled relation analyzed different areas like
change prediction or impact. But, none of those tried to utilize
historical information to analyze system maintenance. In this pa-
per, a methodology is proposed by using change coupled relations
at fix introducing changes to analyze the corrective maintenance
history of the system. This analysis helps to understand which
part of the system are prone to erroneous changes.

Index Terms—Bug inducing change, LDA, Software Quality
Assurance, Software Change, Software Maintenance, Software
Coupling

I. INTRODUCTION

Frequently changing software artifacts have an inherent
relation known as change coupling. Because of this relation,
changing a software artifact requires changing others change
coupled with it. A cluster of artifacts is formed from the
relation of change coupling. This cluster of artifacts will be
affected by any change in the artifact with which other artifacts
are forming change coupled relation. So, any error introduced
in the artifact will require changing affected parts of other
artifacts forming cluster.

Changes in a software can introduce errors, flaws or failures
into the system. Analyzing the impact of change and enforcing
available resources efficiently are seen in various Software
Quality Assurance works [1] [2]. Unwanted errors and bugs
can be introduced through improper or careless changes. These
errors and bugs are results of the contents in lines of changed
or added codes [3]. Various properties of these changes like
affected files, time of day, developer experience and others
are now in the active field of study [4] [5] [6] [7]. In Java
programming language, each of the changed files represents
a public class. And a change in any class leads to change
in other classes due to change coupling [8]. Maintenance
cost for any Fix-Inducing Change (FIC) in the CC classes
is high [9]. If corrective maintenance does not fix the errors,
then for continuous errors the amount of cost and effort that
will be used are useless. So reappearance of errors certain
part of the system indicates that part is error-prone and
needs redesigning and reorganizing. Unless these issues are
dealt properly, continuous corrective maintenance cost would
exceed the cost of benefit obtained.

Existing works either worked with bugs or change coupling.
To analyze the evolution of software system, D’ Ambros et. al
proposed Evolution Radar [10]. There, developers can move
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through time to analyze the evolution of software system using
change coupled relation. But it did not provide any information
regarding how this change coupled relations appearing (i.e
frequently or sparsely) in the corrective maintenance history of
the system. Frequent appearance of change coupled relations
in a fix-inducing changes may represent faulty design. So, in
this paper a methodology is proposed to analyze the system
for finding the error-prone parts from change coupled relation
and to the best of authors’ knowledge, this analysis was not
done previously.

II. METHODOLOGY

For analysis, the version control system, git is used to
retrieve historical data. Using git, firstly the fix-inducing
changes are identified by tracking last modification of changed
or deleted lines in fixing changes (FC). Then using a commit
frame of 100 commits and analyzing the FICs in the commit
window, from the Ist commit to present, the change coupled
relation is analyzed. Then classes, variable and method names
of change coupled relations within each commit frame are col-
lected. Lastly, by performing LDA on available architectural
information, topics are generated. Then using the information
from change coupled relation of a certain commit window, the
affected part of the system is identified using inference. The
entire process is described below.

A. Identifying Fix-Inducing Changes (FIC):

The Fix-inducing Changes (FIC) are the changes that intro-
duce errors into the system. These are also known as bug
introducing changes. The entire process of finding FIC is
shown in Figure 1. Firstly, Fixing Changes (FC) or commits
are identified by examining commit history with keywords
“Fix”, “Bug”, “Patch” or their past and “-ing” form. Also,
hashtags containing any number to represent bug or patch are
also considered. In the parent commit of FC, the erroneous
codes can be found. The difference between a class in parent
commit of FC and FC gives the changed or deleted lines that
fixed an error. Those line numbers in parent commit of FC
represents the erroneous code.

In parent commit of FC, those erroneous lines are tracked
to their last modification like rule-based SZZ algorithm [11].
However, in this study only available commit comments from
git are used to identify FC without linking it to the bug
repository. The reasons are explained in the threats to validity
section.
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Figure 1: Identifying Fix-Inducing Changes.

B. Finding Change Coupled (CC) classes:

Co-change matrix is used to find CC classes [12]. It is a
symmetric matrix where any cell [A, B] and A#B, keeps track
of how many times artifact A and artifact B changed together.
As for the case of cell [A, A] keeps track of how many times
artifact A changed. Using appropriate support and confidence,
the change coupled relation can be found among Java classes.
Support represents how many times a class changed and
confidence represents the likelihood, of 2 coupled artifacts,
if one artifact changes whether another artifact is going
to change or not. In co-change matrix [A, A] represents
support and confidence is represented by following Equation 1

support(A — B)

Confidence(A — B) = support(A)
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Figure 2: Example of Co-Change Matrix and Commit Timeline

In order to construct the co-change matrix, all Java files
within the period of consideration are taken. Then for each
Java class, the change coupled relation with others are found
based on considered support and confidence. Those other Java
classes that have change coupled relation with a Java class is
considered to form a cluster. The entire process is shown in
Figure 2.

C. Topics from Gibbs LDA on Architectural Information:

The architectural information of the repositories is col-
lected from authenticated sources. This information gives an

overview of the entire software system. By analyzing topics
generated from Latent Dirichlet Allocation, basic idea about
overall systems components can be inferred. However, directly
estimating parameters for LDA and maximizing the whole
data collection likelihood is inflexible. To address this issue
Variational Methods [13], Expectation propagation [14], and
Gibbs Sampling [15] is used to approximate estimation. In
Markov-chain Monte Carlo (MCMC) [16], Gibbs Sampling
represents a special case to produce approximate inference
in high-dimensional models such as LDA [17]. In this work,
Gibbs LDA is used.

D. Commit History Analysis:

CC classes were found by using different support and
confidence in different works. Zimmermann et al used the
support greater than 1 and confidence level 0.5 in their work
[18]. However, Bavota et al considered elements that co-
changing in at least 2% of the commits along with a confidence
level of 0.8 [19]. Since, 0.8 confidence is high, in this paper
0.7 confidence level is used along with support 1 or more is
considered.

For the analysis, firstly the commit history is traversed to
find fix-inducing changes. From there the FICs are obtained.
Then from the beginning to the end of commit history, first 20
commits were omitted for the files to form change relations
among themselves properly. After that from 20 with a commit
window of 100 commits, i.e 20-120, 120-220 and so on is
considered. For each of this commit window, the FICs that
are present are analyzed. Figure 3 shows the entire process.
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Figure 3: Analysis process of Evolution of Change Coupling
relation

At first, all classes in the repository from beginning to
the present are listed. Then, all FICs are sorted according
to the timeline. Then the version history is traversed along
with a commit window of 100 commits, and for each FIC
in that commit window, the CC classes are considered. The
CC relation formed from the 1st commit up to the FIC is
considered. To find the corrective maintenance information of
the system, information like class, method and variable names
of CC classes of different CC clusters in FICs are collected.
These are used in the inference process where topics were
found by performing LDA on the architectural information
the repositories. Analyzing the commit window and frequent
appearance of the same topic means obtained topic in the
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architectural information are vulnerable to errors and causing
costly corrective maintenance,

E. Topics inference from available CC class information:

In order to infer topics from collected CC classes infor-
mation, the method [20] proposed by Phan et al is used.
According to their proposed method, information of class,
method and variable names of the CC cluster is used as a new
document whereas the universal data-set is the architectural
information of the system. Topic inference also requires Gibb
Sampling, however, the number of iterations required is around
20-30 [20]. In this report, the number of iterations used is 30.
For a document or CC classes information about one cluster,
the topic was inferred by taking the number of times topic
appeared. This is because the name of a topic appears once
or several times depending on the probability of that topic in
[20]. So for a commit window of 100 commits, all CC class
clusters are analyzed and the maximum percentage of a topic
was noted to be dominant for that period. In this way, the
maintenance history of a repository was analyzed.

III. EXPERIMENTATION

This experiment is carried out in Ubuntu 14.04 operating
system with 8GB memory and Intel Core i3-4130 CPU @
3.40GHz x 4 processor. To conduct the experiment, popular
Java repositories are searched and among them, 2 java repos-
itories are selected for the study. These are as follows:

Number
Repository Source Total Commits | of Lines of
Name Commits | Analyzed | Java Code
classes
Google Github | 4798 4000 3170 768858
Guava [21]
Apache
Tomcat Github 18778 7320 2316 561593
8.5.x [22]

TABLE I: General Description of the repositories.

Guava is an open-source set of libraries maintained mostly
by Google developers. It provides extensions to Java collec-
tions framework and other features like hashing, graph, range
objects etc. This repository contains commits from June 2009
to the last commit updated a few days ago. In case of Apache
Tomcat. it is a Java-based opensource servelet container. In
this repository, commit history began in March 2006 and the
last one was made in 2018.

In these repositories, the experiment was carried out
methodologically. Firstly, the fixing changes are found in the
source repositories. After that, cosmetic changes are elimi-
nated and those lines that are modified or deleted in the FCs
are identified by using diffj [23] tool. Then those identified
lines are tracked to find the FIC commits where the last
modifications are made. The number of FCs and FICs found
in the repositories are shown in Table II

After finding the CC classes in FIC, gradual development
of the Change Couple relation throughout the lifespan of

Repository Fixing Fix-Inducing
Name Commits Commits
Google 597 486

Guava

Apache

Tomcat 8.5.x 3901 3984

TABLE II: Total Fix-Inducing Commits and Fixing Commits
of each repository

a project was analyzed. For this reason, information about
classes, methods and variables were collected at 100" commit
of the considered commit window in the history time line.
Then from sorted FICs, according to their commit time, the
change coupled relations were noted in each of the FICs within
each commit window of 100 commits.

From architectural information, collected from authenticated
sources like in GitHub or the main website, topics were gener-
ated by using Gibbs LDA [24]. Although the number of topics
in the LDA is preconfigured with the number of components
found in architectural information, their description in the
topics overlaps to some extent. After that, information related
to different Change Couple Cluster classes were obtained and
Gibbs LDA inference method was applied to identify the
probability of topics in the cluster. From output maximum
appearance of topics were selected as the main topic of the
cluster. The average percentage of different topics in the cluster
was analyzed periodically to see which topic appeared most.

IV. RESULT ANALYSIS

The results are obtained by conducting an experiment on
first 4000 commits of Google guava and 7320 commits of
Apache Tomcat 8.5.x. From the experiment, the topics gener-
ated from LDA are manually labeled.

Topics labeled

Manually Topic words

lang,class, default, get, true, connector,
path, java, specified, method, resources
context, string, find, filter, tomcat,
when, Catalina, cookie, ssl, description,
otherwise, role, must, setting, engine
value, attribute, context, host, or, re-
move, http, which, any, servlet, void,
can, flag, no, configured, security,
copied, nio, apache, standard
application, that, public, parameters,
java, add, session, from, void, file, false,
element, servlet, the, resource, thread,
mapping, loader

set, is, to, this, used, get, returns, xml,
with, are, listener, it, as, in, config,
default, new, only

name, by, web, specified, interface, use,
an, request, on, boolean, base, this, you,
server, deploy, socket, have, may

Connector

Context

Security

Server

Hosts

Service

TABLE III: Tomcat 8.5.x Topics generated form LDA using
Gibbs sampling and their manual labeling

The number of topics for LDA is selected depending on
the architectural information of the system. In Figure 4a the
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Topics labeled Manu-

ally Topic words

to, all, map, be, collection, new, using,
domain, its, can, number, nodes, put,
jdk, result, file, directly, static

which, class, multiset, of, may, by, long,
prim, instance, them, linked, from, out-
put, where, override, enum, path, oper-
ation, either, uv

type, cache, immutable, hash, int, event,
returns, return, types, elements, map,
byte, no, closed, utilities, most

get, function, some, element, at, same,
ordering, need, want, length, order,
builder, instead, mode, equal, just, see,
value, default, check

entries, what, used, time, bytes, cases,
discrete, utility, events, include, undi-
rected, callable, was, multiset

service, table, above, files, useful,
change, makes, details, work, query,
custom, strings, utf, api, writing, appli-
cation

from, set, will, have, guava, node, pro-
vides, add, bus, with, entry, out, long,
after

be, stream, open, throw, even,propagate,
collections, fluent, provide, behavior,
optional, throwables, thread, listeners,
filter, private, cause

of, values, map, e, one, should, con-
tains, iterator, size, listener, mutable,
support, sink, rounding, ranges, void,
allows, loading, own, right

exception, null, future, of, source, ob-
jects, like, matcher, each, equals, two,
index, implementation, foo, its, handler
iterable, edge, edges, does, view,
classes, suffix, builder, forwarding,
each, bi, characters, method, always,
com, less, particular, connected

in, for, that, as, if, string, list, the,
with, range, value, integer, set, key, but,
method, by, when, returns

example, multimap, char, specified,
token, than, c, operations, common,
name, public, interface, big, first,
throws, double, compare

or, sorted, empty, multimap, up, input,
checked, there, true, then, correspond-

Reflection

Primitives

Hashing

Basic Utilities

Ranges

/0

EventBus

Concurrency

Caches

String

Networking

Math

Functionalldom

Concurrency . .
1ng, sequence, internet, supports, read,
next, intersection, been, concurrent
code, object, more, other, implemen-
Graphs tations, unsigned, create, keys, only,

write, must, while, remove, count, both

TABLE IV: Guava Topics generated form LDA using Gibbs
sampling and their manual labeling

X axis represents the commit history and y axis represents
the probability of topic inferred from CC clusters at FICs
within commit frame of 100 commits along x axis. From
the table III and Figure 4a, it can be clearly stated that the
security component of the Apache Tomcat in most of the
cases of commit window is mostly affected. It is natural as
the server requires to satisfy the customers however customers
can exploit the vulnerabilities unless there are upgrade and
redesign. The same happened for Tomcat repository. In the

end, it can also be noted that the number of classes forming
the CC cluster with topics related to the server has increased.
Through this, an overview of the total maintenance activities
as well as vulnerable parts of Apache Tomcat can be known.
In case of Guava, from table IV and Figure 4b, it can be
cleverly seen that different parts of the system are affected
different times. Since the Google Guava is library extension
for existing Java libraries and is maintained purely by Google
developers, so it is expected that this repository will randomly
correct and update different libraries extensions. However, it
can be seen that among these affected parts mostly corrective
maintenance is focused on I/0 and ranges. Since guava is a
library is its expected that to give faster output changes are
needed to be done in I/O parts. Again ranges on query and
interval also need faster and errorless output. So Corrective
Maintenance is seen to be more focused on them.

V. THREATS TO VALIDITY

Among the construct threats, firstly, only commit messages
are used to find fixing changes and bug repository is not linked.
Linking bugs with bug repository has its own problem that
some bugs may not have any id or report. So this creates an
unfair situation [25]. Besides, the main objective of this study
is to analyze the corrective maintenance history. Secondly, the
commits made can have varying behavior. Unrelated classes
in bug fix can lead to wrong fix-inducing changes. This
is mitigated by considering large dataset consisting of 100
commits. Thirdly, all fixes may not be actually corrective
maintenance [26]. However, in the two considered projects,
only bug fixes are found by going through 10 random FCs
in each project, and the main objective of those FCs were
corrective maintenance, The replication validity is limited
by topics with top words generated from LDA and manual
labeling of the topics. Again to perfectly analyze the mainte-
nance history one can go through the cluster of CC classes
that is produced as a byproduct. In this study, only Java
classes are considered, so the future extension will perform
an elaborate analysis of different types of files and projects.
Again, corrective maintenance will be analyzed with respect
to different confidence level rather than confidence level at 0.7
to get more insight.

VI. RELATED WORK

From the work of Geipel and Schweitzer, it is understood
that structural dependencies do not explain the total evolvabil-
ity of Java software [27]. Using historical information about
co-changing classes in software evolution, Zimmerman et al
proposed ROSE [9] prototype. ROSE predicts further changes
depending on CC relation. Similarly using Bayesian Network,
Zhou et al worked on prediction [28]. Again, Fluri et al
classified changes according to tree edit operations in AST
[29] based on how a change is made and Arisholm et al took
into account inheritance, polymorphism, and dynamic binding
and provided an operational definition of dynamic coupling
measures [30]. Frequent co changes may indicate faulty design
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or hard coding. So, Ratzinger et al showed those changing
software parts may be refactoring candidates [31].

Frequent changes, errors may cause bugs to be introduced
in the system. The correlation between change and defect
was shown by Marco DAmbros et al [32]. Sliwerski et al
mentioned these erroneous changes, that would require a fix,
later on, as fix-inducing changes [11]. To improve the findings
of Sliwerski et al, a framework is proposed recently for
evaluating the results of SZZ by Daniel Alencar da Costa et al
[33]. Additionally, information from FIC in VCS and changed
codes can be used for bug prediction [34] [35], localization
[36] as well as to to identify affected parts [37].

A considerable amount of work can be seen in both change
coupling and Bug/Errors, but very few focused on the evolu-
tion of software. To analyze the evolution, Beck et al showed
that evolutionary data or co-changing classes have a positive
impact on clustering [38]. Recently, Kirbas et al showed a
positive correlation between EC and defect measures [39]. All
of these focuses on either change coupling or evolution but
did not combine them to obtain both change and error prone
parts of the software system from the historical information.

VII. CONCLUSION

In this work, a methodology is proposed to analyze the
corrective maintenance history of the software system using
CC classes. By gaining insight in this information will allow
the software developers to find which part of the software
system is continuously responsible for change and producing
bugs. Generated words in each topic can be related to the
components of the software system. This will provide useful
information about vulnerable change prone components that
are responsible for creating bugs. These components can be
further refactored and re-engineered for better performance.
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