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SUMMARY  Code smells can be detected using tools such as a static
analyzer that detects code smells based on source code metrics. Develop-
ers perform refactoring activities based on the result of such detection tools
to improve source code quality. However, such an approach can be con-
sidered as reactive refactoring, i.e., developers react to code smells after
they occur. This means that developers first suffer the effects of low-quality
source code before they start solving code smells. In this study, we focus
on proactive refactoring, i.e., refactoring source code before it becomes
smelly. This approach would allow developers to maintain source code
quality without having to suffer the impact of code smells. To support the
proactive refactoring process, we propose a technique to detect decaying
modules, which are non-smelly modules that are about to become smelly.
We present empirical studies on open source projects with the aim of study-
ing the characteristics of decaying modules. Additionally, to facilitate de-
velopers in the refactoring planning process, we perform a study on using a
machine learning technique to predict decaying modules and report a factor
that contributes most to the performance of the model under consideration.
key words: code quality, code smells, refactoring

1. Introduction

Code smells were introduced as an indicator of a design flaw
or problem in the source code [3]. Their definitions were
presented in a descriptive language; therefore, several stud-
ies have interpreted them in a formal manner. For example,
Lanza and Marinescu use source code metrics to form con-
ditions and combine each condition with logical operations
to detect code smells [4]. Several studies have found that
code smells are related to different aspects of software de-
velopment, such as maintainability [S]-[7]. Therefore, it is
advisable to remove code smells by a refactoring operation
that can improve the quality of the source code and avoid
undesirable consequences.

However, such an approach can be considered as re-
active refactoring. We term it reactive because developers
basically react to code smells after they occur in the system.
An advantage of this approach is that it allows developers

Manuscript received December 3, 2020.
Manuscript revised May 4, 2021.
Manuscript publicized June 28, 2021.

"The authors are with School of Computing, Tokyo Institute of
Technology, Tokyo, 152-8550 Japan.

"'The author is with Department of Software Engineering, Fac-
ulty of Science and Technology, Nanzan University, Nagoya-shi,
4668673 Japan.

*This paper is revised based on [1] and [2], which appeared
in proceedings of the third International Workshop on Refactor-
ing and proceedings of the 35th IEEE International Conference on
Software Maintenance and Evolution, © 2019 IEEE.

a) E-mail: hayashi@c.titech.ac.jp

DOI: 10.1587/transinf.2020EDP7255

to focus on the most problematic part of the source code
(smelly code) rather than handling every part of the source
code, which may be impractical in real life. However, an
important disadvantage of such an approach is that, by the
time developers are warned of the code smells by the tools,
they have already suffered the bad effect of the code smells,
e.g., low readability and understandability. In other words,
developers cannot prevent code smells from occurring in the
system.

To deal with the problem, in this study, we shift our
focus to proactive refactoring, which is the action of refac-
toring source code before it becomes smelly. Both proactive
and reactive refactorings are the same in a sense that devel-
opers apply a tool to source code and perform refactoring.
However, the difference is the target of both types, i.e., reac-
tive refactoring focuses on the target that affects maintain-
ability. In contrast, proactive refactoring focuses on the tar-
get that has not affected maintainability but is likely to do so
in the future. Similar to the manner in which code smells are
considered as candidates for performing reactive refactor-
ing, we propose the idea of decaying modules as candidates
for performing the proactive refactoring. A decaying mod-
ule is a non-smelly module that is about to become smelly.
We measure the quality index of a module by calculating the
module decay index (MDI) that indicates the closeness of a
module to be becoming smelly. MDI is used to measure how
bad a non-smelly module is, whereas severity [8] and smell
intensity index [9] are used to measure how bad a smelly
module is. The idea of decaying modules can be mainly
used in two ways. First, it can be used to warn developers
of the modules that are getting close to becoming smelly so
that developers can take preventive measures. Second, it can
be used to indicate the overall quality of the entire system so
that developers can view the overall status of a project, and
not just the smelly modules. This would allow developers to
develop more proactive strategies for controlling software
quality. In other words, developers can focus on preventing
code modules from becoming smelly rather than waiting un-
til they become smelly and then resolve the code smells.

This paper is revised based on our previous studies [1],
[2]. The main contributions of this study are as follows.

1. We propose the concept of decaying modules by ob-
serving MDL.

2. We present empirical studies regarding the characteris-
tics of decaying modules.

3. We report experiments on using a machine learning ap-
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proach to predict decaying modules and show that de-
velopers’ context, even if it is estimated by automated
impact analysis techniques, can improve the perfor-
mance of the prediction model.

4. We present an investigation on how we can improve the
impact analysis technique to enhance the performance
of the decaying module prediction model further.

The remainder of this paper is organized as follows.
Section 2 presents the definition of decaying modules. Sec-
tion 3 presents our empirical studies on decaying mod-
ules. Section 4 presents an experiment on the prediction
approach. Section 5 discusses the threats to the validity of
this study. Section 6 discusses how decaying modules can
be fit into refactoring prioritization. Section 7 presents the
related work. Section 8 concludes this paper.

2. Concept of Decaying Modules
2.1 Motivation

To describe the motivation behind the concept of decaying
modules, we use a dental metaphor because it has been used
to explain the idea of software quality, e.g., floss and root-
canal refactoring [10]. We draw a parallelism between the
process of removing code smells and tooth decay treatment,
i.e., developers handle code smells after they occur; this is
similar to the act of patients taking care of their tooth decays
after they happen. On the contrary, the process of preventing
code smells is comparable to the process of brushing one’s
teeth every day, i.e., developers prevent code smells from
occurring by refactoring modules that are not yet smelly;
this is similar to the act of brushing one’s teeth to remove
small food particles. However, it is impractical to refac-
tor every module in the system; therefore, we define the
concept of decaying module to represent a module without
code smell but with progressively worsening quality. If a
tooth without tooth decay is building up plaque, then the
plaque becomes the primary cause of tooth decay in the fu-
ture. Considering the aforementioned example, the concept
of decaying modules can be used to support proactive refac-
toring, i.e., developers can refactor decaying modules to pre-
vent them from becoming smelly.

The main difference between code smells and decaying
modules is that decaying modules do not directly affect the
maintainability of the source code. Additionally, while both
code smells and decaying modules are the targets of refac-
toring, the underlying reasons are different. Code smells
require refactoring because they tend to reduce the main-
tainability of the system, whereas decaying modules need
refactoring to prevent such effects from occurring.

The main objective of detecting decaying modules is
to identify modules with a risk of becoming smelly in the
future. This may be related to an empirical study by Tu-
fano et al., which reported that modules that are likely to be
affected by code smells are characterized by specific met-
rics’ trends [11]. Accordingly, we suspect that observing the
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distance between the metric values and the thresholds indi-
cating that the module will be considered as smelly would
enable us to generate a set of modules that are likely to be
affected by code smells.

2.2  Definition

We define a decaying module as a module that is getting
closer to becoming smelly during a certain period. One way
to detect code smells is to use a metric-based strategy. Such
a strategy detects code smells by considering whether partic-
ular metrics exceed their corresponding thresholds. In this
case, we can use a formula to detect a decaying module. A
decaying module would be a module whose metric values
have not exceeded their thresholds. Therefore, we refer to
code smell detection strategies that use multiple symptoms
(or conditions) to detect code smells. Each symptom is de-
termined by whether a source code metric, e.g., lines of code
(LOC), exceeds a specific threshold. Logical operations are
then used to combine all the symptoms and identify code
smells. For example, a metric-based strategy to detect God
Class [4] can be reformulated as follows:

God Class = (Varep = Tarep) A

(Vwmc = Twmc) A (Vree £ Trec),

where Varrp, Vwmc, and Vpec are the values of access
to foreign data (ATFD), weighted method count (WMC),
and tight capsule cohesion (TCC), respectively. Similarly,
T atrp, Twwmc, and Trcc are the thresholds of ATFD, WMC,
and TCC, respectively.

This strategy includes three symptoms, where each
symptom is determined by a corresponding metric. For ex-
ample, the metric ATFD measures how many foreign at-
tributes are used by a class. The higher the ATFD is, the
more likely it is a class to be a God Class. Therefore, the op-
eration > is used to determine if the value of ATFD exceeds
the threshold; if the former is true, the symptom holds. On
the contrary, the metric TCC represents the degree of co-
hesiveness of a class. A lower TCC value indicates a less
cohesive class; this means that the class is more likely to be
a God Class. Here, the operation < is used to determine if
the value of TCC is less than the threshold; if the former is
true, the symptom holds. All the symptoms are then con-
junctively combined using and operations to determine the
God Class code smell.

Then, we define the following metrics to measure the
closeness of a module to be becoming smelly.

2.2.1 Percentage of Symptom

First, we define a percentage of symptom (PS) to measure
how close the current value of a specific metric is to its
threshold. PS is measured by metric m of module x, which
is defined as:

min{1,V,.(x)/T,},
min{ 1,7,/ Va(x)},

PS,.(x) = { if comparator is >

if comparator is <,
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where V,, is the value of metric m and T,, is the threshold
value of metric m. The min function sets the maximum
value of PS to one. For example, PSs measured by ATFD
and TCC of module x can be defined as

PSarep(x) = min{ 1, Varrp(x)/ T ateD },
PStcc(x) = min{ 1, Ttcc/ Vrec(x) }

because the operator that determines their symptom are >
and <, respectively.

Figure 1 shows the domain and range of PS. The higher
the PS is, the closer it is to complete the condition of the
symptom. PS of one indicates that the symptom is com-
pleted.

2.2.2  Module Decay Index

We define MDI as an indicator of how close a module is to
becoming a smell. A MDI is defined for each smell; MDI of
smell s is calculated by averaging the PS of each symptom
measured by metric m where My ={...,m,...} as

1
N Z PS,,(x).

meM;

MDI(x) =

For example, the God Class MDI of module x is defined as

PSatep (%) + PSwmc (x) + PStcc(x)

MDIGoqg Class(x) = 3

The higher the MDI is, the closer the module is to become a
smell. MDI of one indicates that the module is a smell.

MDI is also comparable to the severity defined by
Marinescu [8]. Severity is a metric ranged [1, 10], and it
is used to measure how bad a smelly module is. MDI, how-
ever, ranges from [0, 1) with the purpose of measuring how
bad a non-smelly module is. In other words, MDI can also
be considered as the severity of non-smelly modules.

2.2.3 Decaying Module

In general, a decaying module can be defined as a module
whose MDI has increased over a period of time. In this pa-
per, we refer to a module as a decaying module when its
current MDI has increased from the previous release. More
precisely, a decaying module m regarding a smell s at re-
lease n is defined as

Decaying (me,) = MDI(m@,) > MDI(mng,-)
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Fig.2  The decaying process of AmbariServer.

where m@, denotes a module m at release n. We also use
Decaying(me,) with omiting the smell type s if it is obvious.

As a first step in defining decaying modules, we use
God Class as a subject owing to its simple detection strategy
and the fact that it is a code smell that is often studied in this
research area [12]. However, this approach is also applica-
ble to other types of code smells that are determined by us-
ing logical operations to combine all symptoms, where each
symptom holds if particular metrics exceed their thresholds
such as Data Class or Brain Class defined by Lanza and
Marinescu [4].

Example. Figure 2 shows the evolution of AmbariS-
erver class module in Apache Ambari project’. We plot-
ted the values of PSatep, PSwmc, PStec, and MDIGog Class
across 33 releases. Also, we highlighted the decays of the
module, i.e., the increases of MDI value, in red. This mod-
ule went through 11 decays between releases during its evo-
lution and eventually became God Class. Of the metrics
used in detecting God Class, the TCC value was lower than
the threshold (Ttcc = 1/3) from the beginning, and its PS
value (PStcc) was always 1 in this plot. The ATFD and
WMC value gradually increased as the module evolves, and
the MDI value gradually increased accordingly. Finally, in
release 2.5.1, the module met the conditions of three metrics
and was detected as a God Class. In this way, the fact that
a module decays continuously means that it becomes grad-
ually closer to a smell, and it may finally become a smell.

Smells are related to not only maintainability issues but
also faults, which adversely affects software quality [13],
[14]. This fact may lead to a hypothesis that refactoring
modules that have already been smelly might be too late.
Also, removing smells is tough. Literature shows developers
have difficulties to devote dedicated resources to removing
smells outside of their normal development activities, and
it is common to refactor modules during modifying them in
their activities [15]. To adapt to such a style, proactive refac-

*https://github.com/apache/ambari/blob/trunk/ambari—server/
src/main/java/org/apache/ambari/server/controller/
AmbariServer.java
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toring is effective to apply refactorings preventively before
target modules become smelly, rather than traditional reac-
tive refactoring.

We think that decaying modules can be refactored by
applying the same refactoring patterns to code smells. De-
caying modules can be considered as weak instances of code
smells, whose metric values do not exceed thresholds to be
regarded as problematic. Just as refactoring for code smells
reduces the complexity, which leads to bringing the metric
values below the thresholds, refactoring for decaying mod-
ules also reduces the complexity to make the metric values
away from the thresholds and prevent the future generation
of smells. For example, for God Class smells, we mitigate
concentrated responsibilities by extracting classes. Decay-
ing in terms of God Class can be considered a sign of con-
centrated responsibilities or bloated individual responsibil-
ities. Therefore, extracting classes should also be appro-
priate refactoring operations for them before a problematic
situation is happening.In addition, there may be cases where
applying refactorings is difficult because of the difficulty in
splitting responsibilities, as is the case with normal refactor-
ings of code smells.

3. Empirical Study of Decaying Modules

This empirical study aims to conduct analyses on the char-
acteristics of a decaying module from different perspectives.
The empirical study was conducted with the following re-
search questions (RQs). Their details are explained later.

RQ;: How many decaying modules are present in each re-
lease compared to the modified modules?

RQ;: What are the future characteristics of the decaying
modules compared to the non-decaying ones?

3.1 Experimental Setup

Experimental Implementation. In this study, as a first step
in studying decaying modules, we limit the target of the
code smell to be the God Class. As discussed earlier, God
Class is considered one of the most common code smells
studied in this research area. To detect the decaying mod-
ule, we first used inFusion ver. 1.9.0 as a static analysis tool
to calculate the metrics of each module. Then, we calculated
the PS of each metric and MDI of each module. Finally, we
classify those modules as decaying modules whose MDIs
have increased from the earlier release.

Data Collection. In this study, four open source
projects: Accumulo’, Ambari™", Derby™™, and Hive "
were our subjects. They were selected from a list of active
open source projects of The Apache Software Foundation,
which is commonly used as a subject for open source soft-
ware study. The dataset information can be found in Table 1.

Thttps://accumulo.apache.org/
TThttps://ambari.apache.org/
T https://db.apache.org/derby/
Tt https://hive.apache.org/
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Table1  Dataset information
Project Period # releases
Accumulo  2012/03/27-2018/07/16 30
Ambari 2013/02/04-2018/08/22 33
Derby 2005/08/01-2018/05/05 28
Hive 2010/10/27-2018/05/18 33

3.2 RQ;: How Many Decaying Modules Are Present in
Each Release Compared to the Modified Modules?

Motivation. We expect that such information can be used
as a first step to understand the characteristics of decaying
modules. The number of modules is different depending on
the size of the project; therefore, analyzing absolute num-
bers may not be useful. We analyze the ratio of decaying
modules to the number of modules that are modified by de-
velopers in each release. This is because module modifica-
tion is the main activity during software development, and it
is relatively easy to understand as a comparator.

3.2.1 Study Design

To answer this RQ, we counted the modules that were modi-
fied and the decaying modules between each pair of releases.
The modules that were modified between each pair of re-
leases were generated using the git-log command. We
excluded modified modules after they become smelly be-
cause we focus on the comparison between modified mod-
ules and decaying modules, and our definition of decaying
modules does not capture further decaying after modules be-
come smelly. Then, we ran our tool that was explained pre-
viously to detect the decaying modules between each pair of
releases. Finally, we calculated the ratio between the num-
ber of modified and decaying modules.

3.2.2 Results and Discussion

Figure 3 represents the number of modified classes, the
number of decaying classes, and the ratio of them, respec-
tively. For the number of modified classes, we can ob-
serve similar distributions for all projects except for Ambari,
which tends to have the lowest number of modified classes
among all projects. For the number of decaying classes, we
can see that Hive has the largest distribution among the four
projects. For the ratio, we can observe the similar distribu-
tions between Accumulo and Derby, and between Ambari
and Hive.

To simplify the results, we summarize the averages of
each value in Table 2. The second and third columns show
the average numbers of the modified and decaying mod-
ules, respectively. The last column shows the ratio of the
number of modified and decaying classes. For example, in
each release in the Accumulo project, 415.45 classes were
modified, and 50.68 were decayed. This yields a ratio of
0.12, i.e., for every 100 modified classes, 12 classes were
decayed. The ratios are varied for different projects: 0.12
for Accumulo, 0.27 for Ambari, 0.18 for Derby, and 0.23
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Fig.3  The number of decaying modules, modified modules, and the ratio between them.
Table 2  Averages of the number of decaying and modified modules

Project # modified modules  # decaying modules  Ratio
Accumulo 415.45 50.68 0.12
Ambari 369.63 98.47 0.27
Derby 403.59 72.48 0.18
Hive 578.84 132.17 0.23

for Hive. The average ratio in this study is approximately
0.20. In other words, compared to modified modules, 20%
will become decaying modules. This result suggests that the
decaying modules are not rare problems and may be worth
considering as essential problems that the developers should
handle by considering that almost 20% of the modified mod-
ules will have lower code quality.

In conclusion, approximately 20% of the number of
modified modules were decaying modules in each release
on average.

3.3 RQ,: What Are the Future Characteristics of Decaying
Modules Compared to Non-Decaying Ones?

Motivation. We study the characteristics of decaying mod-
ules, especially their future characteristics. We consider two
characteristics of decaying modules, i.e., the decaying mod-
ules that will be modified and will decay in the future. If
the number of decaying modules that will decay in the fu-
ture is higher than that of non-decaying modules, it may be a
sign that decaying modules are important problems that are
worth handling.

3.3.1 Study Design

Similar to RQ;, we counted the decaying modules with the
following two characteristics: 1) the decaying modules that
will be modified in later releases, and 2) the decaying mod-
ules that will again get decayed in later releases. Then, we
computed the averages of all releases and calculated the ra-
tio of each. For comparison, similar steps were applied to
the modules that were modified but did not become decay-
ing modules, i.e., non-decaying modules. Similar to RQy,
we excluded modified modules after they become smelly.
We excluded the releases without decaying modules, e.g.,
minor releases that have only a few modifications, because
we cannot compare the ratios of decaying and non-decaying
modules.

More precisely, the sets of decaying modules and non-
decaying modules at release n used in this study are defined
as follows:

M, = (may | Decaying(men) ),
M(ée,i* = {man | =Decaying(ma,)A
MOdl:ﬁed(m@n) A _‘S’nelly(m@n—l) }
where Modified(me,) and Smelly(mea,) respectively denote
that me, is modified and smelly at release n. For the given

set of target modules M@, at release n, which is either M‘(f;fl
or M‘(f;g*, the ratios for 1) and 2) are computed as

{me, € M, | 3k > n - Modified(mex) }|

Rmod — ,
o Ml

Rdec _ {men € M@, | Ak > n - Decaying(mey) }|
e \Meyl '

To confirm whether the results are statistically signif-
icant, we conducted statistical tests with the following null
and alternative hypotheses:

Hy; / Hap: The ratios of decaying modules that will be
modified in later releases are not higher | higher than
the ones of non-decaying modules.

Hy, / Hy»: The ratios of decaying modules that will get de-
cayed in later releases are not higher | higher than the
ones of non-decaying modules.

Then, we used the Wilcoxon signed-rank test, which is
anon-parametric statistical hypothesis test, to determine any
difference between the ratios of decaying and non-decaying
modules. We did not use any parametric tests because we
did not assume a specific distribution for the ratios.

3.3.2 Results and Discussion

Figure 4 illustrates the results of our study. The bars repre-
sent the values of non-decaying and decaying modules. The
values in Fig. 4 (a) represent the ratio of modules that will
be modified in later releases. We can observe only small, if
any, differences in the projects. For example, the biggest dif-
ference is in the values of the Derby project, indicating that
approximately 89% and 91% of the non-decaying and de-
caying modules were respectively modified in later releases.
Table 3 shows the result of Wilcoxon signed-rank test. The
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Table 3  Results of Wilcoxon signed-rank test
Project Hop Hopp Hos 4. Predicting Decaying Modules
Accumulo  0.300 0.013 <0.001
Ambari 0204~ <0.001  <0.001 As discussed in the previous section, decaying modules are
Derby 0.070 important problems that are worth considering. However, a
Hive 0074 <0001  <0.001 P p & ’

cells with p values less than 0.05 are highlighted in gray. It
can be seen that the p values of all four projects are higher
than 0.05. This means that we fail to reject the null hypothe-
ses (@ = 0.05) that the ratios of decaying modules that will
be modified in later releases are not higher than the ones of
non-decaying modules.

Figure 4 (b) illustrates the ratios of modules that de-
cayed in later releases. For example, in the Ambari project,
53% of the non-decaying modules decayed in later releases.
However, the number of decaying modules is as high as
65%. The ratios are clearly higher than those of their non-
decaying counterparts. In other words, decaying modules
are more likely to get decayed again in later releases. Ad-
ditionally, it can be observed that more than half of the de-
caying modules in each project, except for Derby, decayed
again in later releases. The results of the Wilcoxon signed-
rank test listed in Table 3 indicate that the results are statisti-
cally significant (@ = 0.05). In such cases, we can reject the
null hypotheses that the ratios of decaying modules that will
get decayed in later releases are not higher than the ones of
non-decaying modules.

With these pieces of evidence, we can conclude that,
although we could not observe the difference of the ratios
of decaying and non-decaying modules that will be mod-
ified in later releases, the ratios of decaying modules that
will get decayed in later releases are higher than those of
non-decaying modules. In other words, we can conclude
that decaying modules are the modules that have got closer
and will likely get more close to becoming smelly modules.
Therefore, we argue that they are significant problems that
should be handled before they affect source code quality.

In conclusion, while no difference of the ratios of
decaying and non-decaying modules that will be modi-
fied in later releases was detected, decaying modules are
more likely to get decayed in later releases.

decaying module only represents past and present informa-
tion, i.e., whether a module has decayed from the last re-
lease. As shown in the previous section, although decaying
modules are more likely to get decayed again in the future,
they also have a chance of not getting decayed in the next re-
lease, i.e., their quality may be improved. Therefore, know-
ing that a decaying module will still be a decaying module in
the next release (its quality will get even lower) can support
developers to determine whether it should be refactored. In
other words, the prediction approach can help developers
prioritize decaying modules for refactoring.

When considering modules for refactoring, one possi-
ble way is to refactor modules with high MDI value. How-
ever, as mentioned earlier, modules that tend to affect the
maintainability of the system are the modules with code
smells, i.e., smelly modules. In contrast, modules without
code smells, i.e., clean modules, do not have such an ef-
fect. Modules with high MDI value, while they are close to
becoming smelly, are not smelly. Therefore, we do not con-
sider them as the target of refactoring regarding the prob-
lems of source code. On the other hand, modules whose
MDI value is increasing are more likely to become smelly
modules in the future. Consequently, such modules will re-
quire refactoring. Therefore, it is recommended to refactor
modules that MDI value is getting higher rather than focus-
ing on the modules with high MDI value.

In this study, we consider the use of a machine learn-
ing approach to predict modules that will become decaying
modules in the next release. Such an approach can be imple-
mented by considering the characteristics of each module,
e.g., code quality metrics, as predictor variables and whether
amodule will get decayed in the next release (True or False)
as a response variable. This technique is widely used for de-
fect prediction, where the characteristics of each module are
used to predict whether the module is defective [16]. Since
an example that is similar to this study is the work by Pan-
tiuchina et al. [17] that proposes to predict code smells, we
can use it as a baseline approach.

A scenario that is suitable to this case is the prefactor-
ing phase, wherein developers refactor the source code to
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facilitate future implementation [18]. In this scenario, de-
velopers can use the prediction result of the modules that
will get decayed in the next release to plan their refactor-
ing strategy. In the prefactoring phase, developers usually
have an idea of the changes that they plan to make, i.e., they
know the modules that they are going to change. Such infor-
mation is obtained from the concept location and the impact
analysis phases, wherein developers identify the code com-
ponent that needs to be modified to satisfy change require-
ment [18]. We define this as developers’ context[19]; it is
similar to the task context defined by Kersten and Murphy
as “the information—a graph of elements and relationships of
program artifacts—that a programmer needs to know to com-
plete that task” [20]. Predictions made by the trained model
can alert developers to specific modules. If a future decay is
predicted for modules to be modified or related to the on-
going tasks, developers examine whether such decay can
actually occur based on their future implementation plan.
Based on the examination, the module may be included in
the prefactoring process to prevent a future generation of
smells. Perfect prediction is difficult in machine learning,
and predictions may include falses. Rather than blindly ac-
cepting all predictions, refactoring activities can be facili-
tated by using predictions as a supplement to improve de-
velopers’ awareness of potential smells. In addition in this
case, we suspect that developers’ context may contribute to
improving the performance of prediction models. The un-
derlying reason is that the modules that will be modified are
more likely to get decayed than the modules that will not be
affected by any changes.

Also, we investigate the possibility of the use of au-
tomated impact analysis techniques to estimate such a de-
velopers’ context for the decaying module prediction. This
investigation is aimed to meet a realistic situation that the
developer who uses the system may not have perfect knowl-
edge of the locations of the changes.

In this section, we present an empirical study with the
following RQs. Details of each RQ will be discussed in the
later subsections.

RQ3: Can we use an existing technique to predict decaying
modules?

RQ4: Can developers’ context improve prediction perfor-
mance?

RQs: Can developers’ context estimated by IR-based im-
pact analysis technique improve prediction perfor-
mance?

RQg: How can we further improve the performance of the
prediction model?

4.1 Experimental Setup

The idea of this approach is to use the information of the cur-
rent release to predict modules that are going to decay in the
next release. Figure 5 shows an overview of the approach.

Baseline. We set a baseline model inspired by the work
by Pantiuchina et al. that was proposed to predict modules
that will become smelly [17]. The left part of Fig.5 rep-
resents an overview of the baseline approach. Three sets
of variables are used as predictor variables: current code
quality, historical code quality trend, and recent code quality
trend. The response variable is whether the module will get
decayed in the next release, i.e., after implementing changes
that are planned for the release.

Variables Construction. We calculated three types
of predictor variables: current code quality, historical code
quality trend, and recent code quality trend. Historical code
quality trend represents the trend of each module’s qual-
ity from its creation until the current release, whereas re-
cent code quality trend represents the trend of each mod-
ule’s quality from the earlier release until the current release.
These two types of variables can be used to supplement each
other in case when the quality of a module decreased in the
past but increased during recent activities. For the variable:
current code quality, we use inFusion ver 1.9.0 as a static
analysis tool to calculate 34 metrics in addition to the pro-
posed MDI. The metrics used in this study are shown in
Table 4. For the variable: historical code quality trend, we
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Table4  Metrics used in this study

Label Metric Name
ALD Access to Local Data
AMW Average Method Weight
ATFD Access to Foreign Data
BOVR Base-class Overriding Ratio
BUR Base-class Usage Ratio
CBO Coupling Between Objects
CPFD Capsules Providing Foreign Data
CRIX Criticality Index
CwW Class Weight
DIT Depth of Inheritance Tree
MDI Module Decay Index
HIT Height of Inheritance Tree
ICDO Incoming Coupling Dispersion for an Operation
LCC Loose Capsule Cohesion
LCOM Lack of Cohesion of Methods
LDA Locality of Data Accesses
LOC Lines of Code
NAS Number of Added Services
NOA Number of Attributes
NOACCM  Number of Accessor Methods
NOAM Number of Abstract Methods
NOCHLD Number of Children
NOM Number of Methods
NOPRTA Number of Protected Attributes
NOPRTM Number of Protected Methods
NOPUBA Number of Public Attributes
NOPUBM  Number of Public Methods
NOVRM Number of Overriding Methods
OCDO Outgoing Coupling Dispersion for an Operation
PNAS Percentage of Newly Added Services
RFC Response for a Class
SPIDX Specialization Index
SUM_LOC  Sum of Lines of Code
TCC Tight Capsule Cohesion
WwOC Weighted Operation Count

Training Test

Fig.6  Training and test data separation.

compute the regression slope line fitting the value of each
metric from the first to the current release. Finally, for the
variable: recent code quality trend, we compute the regres-
sion slope line fitting the value of each metric from the ear-
lier to the current release. As a result, we have a total of 105
(35 + 35 + 35) predictor variables. Consequently, we used
the technique proposed in the previous section to detect de-
caying modules and record them as response variables.
Data Separation. We separated data into training and
test sets as shown in Fig. 6. Initial releases of the source
code were skipped because there is insufficient information
to calculate the slope of each metric. In the first iteration
(i = 1), we trained the model on release 1 and performed
a prediction test on release 2. Then, in the next iteration
(i = 2), we trained the model on release 1-2 and performed
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Table 5  Metrics removed in each project
Metric Accumulo Ambari Derby Hive
ALD X X X X
CPFD X X X X
LCC X X X X
LDA X X X X
NOPUBM X
OCDO X X X X
PNAS X X X X
RFC X X X X
SPIDX X X X X
SUM_LOC X X X X
WwWOC X X X X
Historical CPFD Trend X
Historical LCC Trend X X X X
Historical OCDO Trend X X X X
Historical PNAS Trend X
Historical SUM_LOC Trend X X X
Historical WOC Trend X X
Historical RFC Trend X
Recent LCC Trend X X X
Recent OCDO Trend X X X X
Recent SUM_LOC Trend X X X X
Recent WOC Trend X
# removed variables 16 19 15 19

a prediction test on release 3. The iterations were repeated
for the whole dataset. This strategy simulates the situation
where developers use all of the available data to train the
model. Such data may be fewer at the beginning of a project
but would increase along with the development process.

Data Preparation. Next, we performed a correlation-
based feature selection technique to minimize collinearity
among the predictor variables. For each pair of variables
having Spearman p higher than 0.8, we removed one of
the variables. The technique was repeatedly conducted un-
til there was no pair of variables that met the criteria. The
removed variables are shown in Table 5. Additionally, the
dataset that we use in this study can be considered as imbal-
anced, i.e., the number of decaying modules is only a small
proportion of all the modules. To avoid the problem of im-
balanced data affecting the performance of the prediction
models, we applied a sub-sample technique to the dataset.
Note that we did not use any modules in our training and
test sets after they become smelly, similar to RQ; and RQ5.

Model Construction. Finally, we constructed predic-
tion models using the random forest and calculated the per-
formance of the prediction models by applying them to the
data in the test sets. We kept default values for the model
parameters. Optimizing and analyzing such parameters re-
mains our future work.

Data Analysis. In this study, we use the area under the
curve (AUC) of the receiver operating characteristic (ROC)
plot, which is commonly used for evaluating and compar-
ing the performance of the machine learning model. AUC
ranges from O to 1. Higher AUC indicates better perfor-
mance of the prediction model. Its value above 0.5 indicates
that the model performs better than random guessing.
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4.2 RQj;: Can We Use an Existing Approach to Predict
Decaying Modules?

Motivation. An example that is similar to this study is
the work by Pantiuchina et al. [17] that proposes to predict
code smells. Their work uses source code quality to predict
whether a module is likely to be affected by code smells in
the future. Therefore, in this study, our aim is to investi-
gate whether their approach is also applicable to predicting
decaying modules. If such an approach can successfully ap-
ply to predicting decaying modules, we can use its result to
support developers when selecting targets for refactoring.

4.2.1 Study Design

We use the baseline model explained in the previous sub-
section to measure prediction performance. As aforemen-
tioned, AUC value above 0.5 indicates that prediction per-
forms better than random guessing. Therefore, if the median
of AUC measured by the baseline is greater than 0.5, we in-
fer that an existing approach can be used to predict decaying
modules.

4.2.2 Results and Discussion

Figure 7 shows the performance of the baseline model of
each project. The median values are 0.62, 0.66, 0.58, and
0.62 for Accumulo, Ambari, Derby, and Hive, respectively.
Median values of all the projects are greater than 0.5; there-
fore, we can conclude that the existing approach may be
suitable for predicting decaying modules as well.

To conclude, an existing approach may be applica-
ble to predict decaying modules.

4.3 RQ4: Can Developers’ Context Improve Prediction
Performance?

Motivation. As mentioned earlier, developers’ context
refers to modules that developers need to modify. For sup-
porting the prefactoring phase, we suspect that developers’
context may contribute to improving the performance of pre-
diction models. The main reason is that modules that de-
velopers are going to make changes are more likely to de-
cay than modules that are not going to be impacted by any

1609

changes. In this RQ, we conduct a study under the assump-
tion that developers have perfect knowledge of their context.
It is noteworthy that even in this situation, the prediction ap-
proach is still necessary because we cannot identify decay-
ing modules only from developers’ context. The underlying
reason was shown in the result of RQ,, where only approx-
imately 19% of the modified modules were decaying mod-
ules in each release. However, assuming perfect knowledge
of developers may not be a realistic setting because the sit-
uation that developers know every module to be modified
beforehand is rare in large-scale projects. Nevertheless, the
main purpose of this RQ is to examine the potential of us-
ing developers’ context to improve the prediction model. In
other words, we want to know the upper bound performance
of using the developers’ context rather than its practical per-
formance.

4.3.1 Study Design

We compare the performance of two models: baseline and
context-aware (upper-bound). The baseline model uses
the variables described previously as predictor variables,
whereas the context-aware model uses the developers’ con-
text as an extra predictor variable. As aforementioned, we
regard developers’ context as the modules that the develop-
ers intend to modify for the next release, which is shown in
the right part of Fig. 5. We use git-1log command to obtain
a list of modules that are modified between two releases.
Then, we mark a variable as True if the module is modified,
and False otherwise. To confirm if the results are statisti-
cally significant, we conduct the Wilcoxon signed-rank test
with the following null and alternative hypotheses:

Hys / Ha3: Developers’ context does not improve | improves
the performance of prediction model.

4.3.2 Results and Discussion

Figure 7 shows the result of our experiment. The box plot
shows the values of the performance of the baseline and
context-aware (upper-bound) models. As reported in the
earlier RQ, median values of the AUC values for the base-
line model are 0.62, 0.66, 0.58, and 0.62 for Accumulo, Am-
bari, Derby, and Hive, respectively. For the context-aware
model, the median values are 0.80, 0.92, 0.84, and 0.88 for
them, respectively. It can be seen that the context-aware
model performs better for every project.

The results of the Wilcoxon signed-rank test are shown
in Table 3. It can be seen that the results are statistically sig-
nificant (@ = 0.05). Therefore, we can conclude that devel-
opers’ context can help improve decaying module prediction
performance significantly.

In conclusion, developers’ context can improve the
performance of the decaying module prediction model.
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44 RQs: Can Developers’ Context Estimated by IR-
Based Impact Analysis Technique Improve Prediction
Performance?

Motivation. To mitigate the gap between the real situation
and the study in RQq4, which was conducted based on the as-
sumption that the developer has to input perfect information
to the system manually, we propose an alternative approach
that does not rely on perfect knowledge of developers. By
using the results of an automated impact analysis technique
to represent developers’ context, we suspect that it can also
improve the performance of the model without the need of
perfect knowledge from developers. However, since such
techniques do not have perfect accuracy, it is sensible that
such improvement is smaller than using the perfect knowl-
edge of developers.

4.4.1 Study Design

We obtain a list of issues of each project from their issue
tracking systems’. Then, we extract the summary, descrip-
tion, and the release that the issue was implemented. For
each issue, we applied an impact analysis to generate loca-
tions that are likely to be changed to complete the issue. In
this study, we focus on IR-based impact analysis because
it requires minimum information to perform, i.e., it takes
only the change descriptions and source code as inputs of the
technique. The IR-based impact analysis works by calculat-
ing the textual similarity between an issue and source code.
We consider the similarity score determined by the impact
analysis technique as a probability that a particular module
will be modified. Then, we calculate the Context Relevance
Index (CRI), which was proposed in our prior work [19].
The CRI of a module can be calculated by the summation
of the similarity score in all issues that contains the mod-
ule. The CRI represents the relevance of each module to the
context of developers. A higher value of CRI means higher
relevance to the context, i.e., more likely to be modified. We
then create a new variable representing the CRI value.

In order to calculate the CRI value, we need to spec-
ify two parameters: the technique used by IR-based impact
analysis and the cut point when calculating CRI. The tech-
nique used by IR-based impact analysis determines how the
data is represented and how the similarity is calculated while
the cut point determines the number of modules used when
calculating CRI. In this study, we adopt four fundamental
IR-based impact analysis techniques which are often stud-
ied in impact analysis research: Vector Space Model (VSM),
Latent Semantic Indexing (LSI), Latent Dirichlet allocation
(LDA), and Okapi BM25 (BM25). For the cut point, we use
10, 20, 30, and 40, which are usually used in the previous re-
search [19], [21]. For each project, we try all combinations
of each impact analysis technique and cut point, e.g., VSM
with 10 cut point or VSM with 20 cut point. We then finally

Thttps://issues.apache.org/jira/secure/Dashboard.jspa
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Table 6 Optimized parameters of IR-based impact analysis techniques
Project Technique  Cut point
Accumulo  BM25 20
Ambari BM25 40
Derby VSM 30
Hive BM25 10
Table7  Results of Wilcoxon signed-rank tests and the Cliff’s delta effect
size tests
Project pvalue  Cliff’s delta
Accumulo <0.001  0.293 (small)
Ambari 0.237  0.067 (negligible)
Derby 0.007  0.382 (medium)
Hive 0.002  0.218 (small)

select the best combination of each project to use in this
study. The underlying reason is that we want to simulate the
real-world setting where parameters of the technique are op-
timized for each project before utilizing the technique. The
best combination of each project can be found in Table 6.
Finally, similarly to RQ3, we compare the accuracy of
the prediction model between the baseline and the model
with CRI value. Similarly to previous RQs, we conduct the
Wilcoxon signed-rank test with the following null and alter-
native hypotheses to confirm the statistically significance.

Hy4 / Hag: Developers’ context estimated using IR-based
impact analysis technique does not improve | improves
the performance of prediction model.

In addition, we calculate Cliff’s delta (d) as a measure
of the magnitude of the improvement. The Cliff’s delta is
interpreted based on the threshold by Romano et al. [22]:
negligible for |d| < 0.147, small for 0.147 < |d| < 0.33,
medium for 0.33 < |d| < 0.474, and large for 0.474 < |d|.

4.4.2 Results and Discussion

Figure 7 shows the accuracy of the prediction model be-
tween the baseline model, the context-aware model using
IR-based impact analysis techniques to estimate developers’
context, and the context-aware upper bound models. When
comparing the accuracy between the baseline and IR-based
models, we can observe that the IR-based model tends to
have higher performance than the baseline model. Specif-
ically, the median of the AUC values have been improved
from 0.62 to 0.67 for Accumulo, from 0.66 to 0.67 for Am-
bari, from 0.58 to 0.65 for Derby, and from 0.62 to 0.66 for
Hive.

Table 7 shows the results of Wilcoxon sign-rank tests
and Cliff’s delta effect size tests. The cells with p values
less than 0.05 and Cliff’s delta higher than 0.147 (not negli-
gible) are highlighted in gray. The results of the Wilcoxon
signed-rank test shows that the results are statistically sig-
nificant at @ = 0.05 except for Ambari project. Therefore,
for the projects other than Ambari, we can reject the null hy-
pothesis and conclude that developers’ context estimated by
IR-based impact analysis technique can improve the perfor-
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mance of the prediction model. Furthermore, Cliff’s delta
values show that the result has a small effect for Accumulo
and Hive, medium effect for Derby, and negligible effect for
Ambari. So, we can see that the improvements are not neg-
ligible for all projects except for Ambari.

However, when we compare the improvement of the
performance of the prediction model between IR-based and
upper bound models, we can see that the improvements of
IR-based models are much lower than the ones of the up-
per bound model. The result is as expected because the
improvement of the upper bound model assumes perfect
knowledge of developers, but the impact analysis technique
relies on change descriptions to estimate the context. We can
conclude that the IR-based impact analysis technique has a
potential of representing developers’ context, although us-
ing only textual change descriptions and source code as in-
puts.

In conclusion, developers’ context estimated by IR-
based impact analysis technique can improve the perfor-
mance of the decaying module prediction model.

4.5 RQg: How Can We Further Improve the Performance
of Prediction Model?

Motivation. As discussed in earlier sections, while the con-
text estimated by existing IR-based impact analysis tech-
niques can help improve the performance of a prediction
model, the improvements are still low comparing to the sit-
uation of perfect knowledge of developers. One reason for
such small improvement may be the low accuracy of the IR-
based impact analysis, i.e., the high number of false posi-
tives and the low number of true positives. If the impact
analysis technique results in many false positives, they will
become noises that may obstruct the prediction model in-
stead of helping them identify decaying modules. Further-
more, if the number of true positives is low, the impact anal-
ysis techniques can predict only a part of the correct answers
and fail to detect the rest and, therefore, provide insufficient
information to the prediction model. To this end, many ap-
proaches have been proposed to improve the accuracy of im-
pact analysis techniques, such as combining an IR-based ap-
proach with extra information [23]. Nevertheless, even the

Comparison of the prediction model performance at different TPIR and FPDR.

state-of-the-art approach is still far from being perfect. Al-
though the research community has been working on im-
proving the accuracy of impact analysis techniques, it is still
unclear whether high accuracy impact analysis techniques
can improve the decaying module prediction model. Thus,
to obtain empirical evidence, we artificially tune the accu-
racy of impact analysis techniques and observe the relation-
ship between the accuracy of an impact analysis technique
and a decaying module prediction model. We expect the re-
sult to be useful for the future direction of impact analysis
research.

4.5.1 Study Design

We conducted an analysis under the assumption that mit-
igating the problems of high false positives and low true
positives can improve the performance of the prediction
model. We artificially modified the result of an IR-based
impact analysis technique in two steps, which are inspired
by the task input generation approach of a feature location
study [24]. First, we decrease the number of false positives
by randomly removing false positives from the result. Sec-
ond, we increase the number of true positives by randomly
adding false negatives to the result. We refer to the ratio that
we decrease the number of false positives as False Positive
Decrement Ratio (FPDR) and to the ratio that we increase
the number of true positives as True Positive Increment Ra-
tio (TPIR). Both of the ratios are from 0.0 to 1.0 with the
step of 0.1. After performing the modification, we recal-
culate the CRI and use it as an exploratory variable of the
prediction model in the same way as RQs. Finally, we cal-
culate the performance of each model for comparison.

4.5.2 Results and Discussion

Figure 8 represents the heat map of the AUC of the predic-
tion model. The vertical axis represents the values of TPIR,
while the horizontal axis represents the values of FPDR.
Each cell represents the AUC value of each setting. The
brighter color shows a higher AUC, while the darker color
shows the lower AUC values. In general, we can observe
that AUC values tend to have a higher value in the top right
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corner of the heat map (e.g., in Ambari project). This re-
sult suggests that the more we decrease the number of false
positives, and the more we increase the number of true pos-
itives, the higher AUC values become. Moreover, when we
observe the value with low TPIR, we can see that increasing
FPDR does not significantly improve the AUC values. This
may indicate that increasing the number of true positives
should be given higher priority than decreasing the number
of false positives.

Technically, decreasing the number of false positives
may be accomplished by complimenting an IR-based ap-
proach with other approaches such as a dynamic analysis
approach. For example, we can use execution trace to filter
irrelevant modules from the result of an IR-based approach,
which may result in a lower number of false positives [21].
On the other hand, increasing the number of true positives
can be done by combining the IR-based approach with a
technique such as mining software repositories (MSR). For
instance, MSR approach can adopt association mining rules
to detect modules that were often modified together in the
past and use that information to detect the modules that may
not be found by only IR-based approach [21]. While com-
bining both techniques together have been shown to improve
the accuracy of impact analysis techniques [21], one down-
side is that it requires extra information which may or may
not be available depending on the projects.

To sum up, whereas improving the accuracy of the
impact analysis techniques by decreasing the number
of false positives and increasing the number of true
positives can improve decaying modules prediction, we
should give higher priority to increasing the number of
true positives.

5. Threats to Validity

In this study, we use four open source projects as our sub-
jects. Therefore, the results of this study may not generalize
to other types of projects. Additionally, we conducted the
experiment on the prediction model using only the random
forest method without performing any parameter optimiza-
tion. Therefore, the result may differ in different models and
different parameter settings. It is noteworthy that the pri-
mary goal of this study is not to find the highest performance
of the prediction model but to show that existing techniques
from a different research area can also be applied to this
problem and that developers’ context can improve the per-
formance significantly. Moreover, replicating this study on
a larger scale may be beneficial.

In addition, in this study, as we use the module’s name
as a primary key when conducting analyses, the case of re-
naming is not considered. This may impact the number of
decaying modules in our study.

One significant threat to validity when using change
descriptions to estimate developers’ context lies in software
repositories. For example, developers may make some mod-
ifications unrelated to any issue in the issue tracking system.
In this situation, impact analysis techniques will fail to in-
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clude such modifications in the estimated list. In addition,
as we rely on commit messages to identify the true positives
of each issue, if developers do not put the details of the issue
to the commit messages, our technique will fail to identify
the true positives. We mitigated this threat by filtering the
projects that have a high ratio of commits that include issue
ID (higher than 80%) based on the list by Miura et al. [25].
This can ensure that most of the changes were related to the
issues in the issue tracking system.

6. Discussion

In this study, we propose the idea of decaying modules that
can be used to target non-smelly modules to support proac-
tive refactoring. However, several studies have shown that
developers normally do not handle code smells [26], [27].
This phenomenon may be comparable to the fact that static
analysis tools are not used well by developers owing to a
large number of detected warnings [28]. In other words, the
number of code smells is too high for developers to consider
refactoring, thereby resulting in several studies focusing on
filtering and prioritizing code smells [29]-[31]. Here the fol-
lowing simple question arises: Why should developers han-
dle non-smelly modules when they already have more than
enough smelly modules to handle.

In this context, we propose a guideline presented in
Fig. 9 using quadrant analysis. The vertical axis represents
the importance of the modules, i.e., smelly modules are
more important than decaying ones. This is because smelly
modules have a bad effect on the system[13], [14] while
decaying modules are not yet found to have such an ef-
fect; therefore, they can be considered to be less important.
The horizontal axis represents the urgency of the modules,
i.e., context-relevant modules are more urgent than context-
irrelevant ones. The main reason is that although solving
code smells that are irrelevant to developers’ context (e.g.,
modules developers plan to modify) may improve the over-
all quality of the system, it does not support the develop-
ers’ current activities. This statement is also supported by
our previous study on professional developers showing that
developers tend to refactor the code smells related to their
context [29]. Therefore, context-irrelevant modules can be
postponed until they become relevant to developers’ con-
text.

Considering importance and urgency together, it is ob-
vious that smelly context-relevant modules should have the
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highest priority, and decaying context-irrelevant modules
should have the lowest priority. However, between decay-
ing context-relevant and smelly context-irrelevant modules,
we argue that decaying context-relevant modules should be
given higher priority than smelly context-irrelevant mod-
ules. As aforementioned, solving context-irrelevant mod-
ules, irrespective of their quality, is not likely to facilitate
planned implementation. On the contrary, in addition to pre-
venting modules from being affected by code smells, solv-
ing decaying context-relevant modules can help developers
get ready for their implementation.

7. Related Work

Murphy-Hill and Black used the terms floss refactoring and
root-canal refactoring to refer to different refactoring tac-
tics [10]. They use frequency and how developers mix refac-
toring with other kinds of program changes to categorize
the two types of refactoring. Floss refactoring refers to
frequent refactoring that is mixed with other types of pro-
gram changes, whereas root-canal refactoring refers to in-
frequent refactoring that may not be mixed with other types
of changes. On the contrary, in this study, we use the tim-
ing and purpose of refactoring to categorize the two types
of refactoring. We term it reactive refactoring if the opera-
tion is applied after a code smell occurs in the source code
with the purpose of removing the code smell and proactive
refactoring if the operation is applied before a code smell
occurs in the source code with the purpose of preventing
a code smell. Therefore, floss refactoring and root-canal
refactoring can be considered to be both reactive and proac-
tive depending on when and why the developers perform the
refactoring. In the case of root-canal refactoring, when de-
velopers reserve time specifically for refactoring, they can
apply decaying module prediction at the same time when
they detect code smells as targets for refactoring. In the
case of floss refactoring, when developers make a change
on a given module, the tool can warn the developers if the
module is a decaying module.

One of the work aligned with the idea of proactive
refactoring is just-in-time refactoring proposed by Pan-
tiuchina et al. [17]. They proposed an approach to predict
code components that will be affected by God and complex
classes’ code smells within a specific time. The approach al-
lows developers to prevent code smells by refactoring source
code right before they are introduced to the system. On the
contrary, the idea of decaying module and module decay in-
dex (MDI) proposed in this study can not only be used to
prevent the introduction of code smells but also to represent
the status of the source code quality of non-smelly modules
using the context of code smells.

The MDI proposed in this study can also be compared
to severity [8] and smell intensity index [9] which were pro-
posed to measure how bad a code smell is. Such metrics
can be used to prioritize code smells, i.e., more severe code
smells should be refactored first if developers want to im-
prove the overall quality of systems. MDI can be used in
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a similar manner; however, for non-smelly modules. In
other words, it can be used to measure the quality of non-
smelly modules so that developers can notice the quality of
the whole system, and not only smelly modules. Such infor-
mation may allow developers to develop new strategies of
refactoring by looking at the whole system and preventing
modules from decaying rather than only reactively remove
code smells from the system.

The similar term, code decay, is defined by Eick et al.
in their work as “Code is decayed if it is more difficult to
change than it should be” [32]. They use effort, interval, and
quality as the keys to identify code decay. However, in this
study, our definition is closely related to code smells, i.e.,
decaying modules are modules that are getting closer to be-
coming smelly. Code decay indices (CDls) are also defined
to quantify symptoms as risk factors. Although CDIs are
mostly computable directly from a version control system,
MDI defined in this study is computed from each module
metrics value and the threshold of the symptoms of the code
smell.

Moreover, in addition to representing the location that
should be refactored, code smells are also used to describe
characteristics of source code. For instance, Takahashi et
al. successfully used code smell information to improve the
accuracy of bug localization [33], [34]. Nevertheless, it is
obvious that such a technique cannot be used on non-smelly
modules as there is no such metric to indicate the quality
of non-smelly modules. Thus, in addition to being used for
supporting proactive refactoring, we expect MDI to be used
to describe characteristics of source code that can be applied
to other research fields as well.

8. Conclusion

In this study, we propose the idea of decaying modules that
can be used to support proactive refactoring that can prevent
code smells from occurring. A decaying module can be de-
tected by measuring the module decay index (MDI). MDI
can also function as a quality indicator of non-smelly mod-
ules. We conducted empirical studies on decaying modules
and found that 19% of the number of modules that are mod-
ified in each release becomes decaying modules. Addition-
ally, compared to non-decaying modules, decaying modules
have a higher tendency to get decayed again in the future.
Finally, we studied the use of a machine learning technique
to predict decaying modules in the next release. We found
that the use of developers’ context can improve the perfor-
mance of the prediction model.

Our future work includes the definition of MDI and de-
caying modules for other types of code smell. We also plan
to conduct a study on the effect of decaying modules on the
maintainability of the source code. In addition, using other
time units for measuring decaying modules also remains as
our future work.
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