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Abstract- The design of software systems can exhibit several
problems which can be either due to inefficient analysis and
design during the initial construction of the software or more
often, due to software ageing, where software quality degenerates
over time. The design problems appear as "bad smells” at code or
design level and the process of removing them is termed as
Refactoring.. This paper presents the results from an empirical
study that investigated the relationship between the bad smells
and class error probability in three error-severity levels in an
industrial-strength open source system. Our research, which was
conducted in the context of the post-release system evolution
process, showed that some Bad code smells were positively
associated with the class error probability in the three error-
severity levels. This finding supports the use of bad smells as a
systematic method to identify and refactor problematic classes in
this specific context.

Index Terms- Bad code smell, software maintainability, software
metrics, refactoring.

I. INTRODUCTION

hen we develop an Object Oriented Software system, its

design change is continuous. In the process of maintaining
an OO0 system after its release, the information on what classes
have higher probabilities of containing errors than other classes
can help the maintenance team allocate resources in various
software engineering tasks such as testing and redesign.
Understanding how the design structures of large systems evolve
(after its release) and where the errors are likely to occur can
enhance our knowledge about the relationship between relatively
stable design structures and errors. (We assume that the design
structures of a system is more stable after the system released
than during the development.). According to Fowler [1], design
problems appear as "bad smells" at code or design level and the
process of removing them -Refactoring, i.e. an improvement in
software structure without any modification of its behavior. Each
bad smell, which can be identified by using a set of metrics and
their threshold values, provides a more practical way of applying
software metrics in the daily work of an engineer. It is held that
to improve maintainability, code smells should be eliminated by
refactoring. The maintainability of software is important, because
it is one of the factors affecting the cost of the future
development activities. It is claimed that classes that are involved
in certain code smells are liable to be changed more frequently
and have more defects than other classes in the code. In other
words, it reflects code that is decaying and, unless eradicated, is
likely to be the cause of frequent future maintenance, potential

faults, and associated testing overheads. Left unchecked and free
to fester over time, smells can soon become “stenches” with the
potential for relatively high fault-proneness, added maintenance
demands, and extra testing as outcomes industrial resonance—
decaying systems consume vast developer resources. The Bad
code smells can be understood as a new measure of software
maintainability, because removing those bad smells from the
code is claimed to make software more maintainable.

So, in our study, we are going to find the relationship between
Bad Smells and Class Error Proneness in the three error severity
levels that occur in post-release evolution of software for fault
prediction using the regression analysis.

Il. LITERATURE SURVEY

Bryton et al.[14] worked towards the goal of demonstrating that
the Long Method code smell can be detected automatically and
objectively, grounded on expert’s knowledge and statistical
analysis, had been fully achieved. But their model could not be
generalized, since its calibration was performed upon a single
project and its detection ability was only assessed upon the same
project.Deursenet. al.[3] collected a series of test smells that
helps developers to identify weak spots in their test code and
composed a set of specific test refactoring enabling developers to
make improvements to their test code in a systematic way, For
each smell they gave a solution, using either a potentially
specialized variant of an existing refactoring from or one of the
dedicated test refactoring. Emden et al [4] discussed the design
considerations of a software inspection tool that is based on code
smell detection. They showed how code smells can be broken up
into aspects that can be automatically detected. Furthermore, they
described how the code smell concept may be expanded to
include coding standard conformance. They investigated the
feasibility of the described approach using a case study in which
a prototype tool was developed and applied on a software
system.Two notable seminal studies of code smells were
undertaken by M antyl"a et al. [5] and M antyl"a and Lassenius
[5,6] who conducted an empirical study of industrial developers
and their opinion of smells in evolving structures. Their study
gave insights into which smells developers most “understood”
and hence they would be most likely to eradicate—the “Large
Class” smell featured prominently. A well-known “taxonomy”
for allocating code smell was also proposed by M"antyl™a in
subsequent work, M"antyl'a and Lassenius also describe
mechanisms for making refactoring decisions based on smell
identification. Min Zhang[16] investigated the relationship
between six of Fowler et al.'s Code Bad Smells (Duplicated
Code, Data Clumps, Switch Statements, Speculative Generality,
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Message Chains and Middle Man) and software faults. In this
paper they discuss how our results can be used by software
developers to prioritize refactoring.They suggested that source
code containing Duplicated code and Message Chain Bad Smell
should be prioritizing for refactoring. Li and Shatnawi [12]
investigated the relationship between the class error probability
and bad smells based on three versions of the Eclipsel project.
Their result showed that classes which are infected with the code
smells- Shotgun Surgery, God Class or God Methods, have a
higher class error probability than non-infected classes. Lozano
et al. [8] assessed the impact of bad smells, i.e., the extent to
which different bad smells influence software maintainability.
They argued that it is possible to analyze the impact of bad
smells by analyzing historical information. They concluded that,
it is possible to assess code quality by detecting and visualizing
bad smells. Khomh et al [9] in his paper, reported an exploratory
study, performed on 9 releases of Azureus and 13 releases of
Eclipse, which provided empirical evidence of the negative
impact of code smells on classes change-proneness. He showed
that classes with smells are significantly more likely to be the
subject of changes, than other classes. He also showed that some
specific code smells, are more likely to be of concern during
evolution. Olbrich et al. [15] provided empirical evidence on the
issue of how the code smells God Class and Brain Class affect
the quality of software systems. They investigated the effects of
both smells in three well-known, large-scale open source
systems-without normalization with respect to size. The analysis
shows that God and Brain Classes have a negative effect
measured in terms of change frequency, change size and number
of weighted defects. However, when the God and Brain Classes
were normalized with respect to size, the results were opposite;
these classes were less subject to change and had fewer defects
than had other classes. DhillonPreetKamalet al.[17]
investigated whether the Bad code smells could predict the class
error probability in the post-release evolution of Rhino and found
that some Bad code smells could still predict class error
probability.

I1l. EXPERIMENT DESIGN

This study has the objective to test the association between the
occurrence of bad smells and class error proneness in each error-
severity level.

We marked each class as erroneous if there was at least one error
found in the class, or not erroneous if no error was found in the
class; we also categorized each class according to the three
severity categories (high, medium and low). If a class had two
errors from two severity categories, we listed the class twice in
the data set (one for each error severity).The categorization of the
errors in the three categories (high, medium and low) were done
on the basis of occurrences/frequency of the errors.

1. High: If the number of errors occurring were above 7, then it
was marked as high severity level.

2. Medium: If the number of errors occurring were between 4
and 6(both inclusive), then it was marked as medium severity
level.

3. Low: If the number of errors occurring were between land
3(both inclusive), then it was marked as low severity level.

A. The Bad Smells
The following bad code smells were used in the study as detected
by the together tool[7].
1) GC(God Class): A class has the God Class bad smell if the
class takes too many responsibilities relative to the classes with
which it is coupled. The God Class centralizes the system
functionality in one class, which contradicts the decomposition
design principles. It is difficult to reuse or maintain a God Class.
If there are errors in the God Class, the error propagation tends to
affect a big part of the system.
In our study, we treat the God Class as a categorical variable,
which has the value of either zero or one: zero means that the
class is not a God Class and one means otherwise.
2) GM(God Method): A class has the God Method bad smell if
at least one of its methods is very large compared to the other
methods in the same class. In analogy to God Class, the God
Method centralizes the class functionality in one method. It is
very difficult for us to understand and maintain large methods
and we should split a large method into two or more methods.
In our study, we treat the God Method as an integer variable
whose value indicates the number of God Methods in the class.
3) RB (Refused Bequest): A class has the Refused Bequest bad
smell if the class inherits methods that it does not use at all.
These unused methods are indicators of bad abstraction and
impair to the inheritance hierarchy. This problem can be solved
by extracting these methods to a new class at the same level in
the inheritance hierarchy.
In our study, we treat the Refused Bequest as an integer variable
whose value indicates the number of methods that the class
inherits but do not use at all.
4) SS(Shotgun Surgery): A class has the Shotgun Surgery bad
smell if a small change in the class causes many different
changes to many classes. Shotgun Surgery is an indicator of
complicated low-level couplings, which propagate changes and
errors to the coupled classes; this phenomenon decreases the
maintainability of the class.
In our study, we treat the Shotgun Surgery as a categorical
variable, which is assigned either zero—if there is no Shotgun
Surgery in the class—or one otherwise.
5) FE(Feature Envy): A class has the Feature Envy bad smell if
one of its methods calls many get-methods from other objects to
calculate data values. The Feature Envy indicates problems in the
class abstraction.
In our study, we treat the Feature envy as an integer variable
whose value indicates the number of Feature Envy methods in
the class.
6) LMC (Long Message Chain): This smell means a case, where
a class asks an object from another object, which then asks
another and so on. The problem here is that the first class will be
coupled to the whole class structure. To reduce this coupling, a
middle man can be used.
In our study, we treat the Long Message Chain as a categorical
variable, which is assigned either zero—if there is no Long
Message Chain in the class—or one otherwise.
7) ISP Violation (Interface Segregation Principle Violation): ISP
means that clients shouldn’t be forced to implement interfaces
they don’t use. In other words, if you have an abstract class or an
interface, then the implementers should not be forced to
implement parts that they don’t care about. The dependency of
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one class to another one should depend on the smallest possible
interface. Even if there are objects that require non-cohesive
interfaces, clients should see abstract base classes that are
cohesive. Clients should not be forced to depend on methods
they do not use, since this creates coupling.
In our study, we treat the ISP Violation as a categorical variable,
which is assigned either zero—if there is no ISP Violation in the
class—or one otherwise.

B. The hypotheses
The objective of this study is to investigate empirically the
relationship between the bad smells and class error probability in
the three error severity levels.
* Hypothesisl: The Bad code smells cannot be associated with
errors of the high-level severity in a class.
* Hypothesis 2: The Bad code smells cannot be associated with
errors of the medium-level severity in a class.
* Hypothesis 3: The Bad code smells cannot be associated with
errors of the low-level severity in a class.
We tested the association between bad smells and each error-
severity level in Hypotheses 1-3. We assumed that each error
severity level could be associated with different set of bad
smells. We reject Hypothesis 1-3 if at least one of the seven bad
smells is associated significantly with error-severity level.

IV. THE STATISTICAL MODEL

In our model we use a categorical variable indicating the error-
severity level (we used it to test hypotheses 1-3). We used the
Multinomial Multivariate Logistic Regression (MMLR) to study
the association between bad smells and the various error-severity
levels (the categorical dependent variable). The model is used for
purpose of validating the association between bad smells and
error proneness or error-severity levels of classes.

The MMLR model is built using only the significant bad smells;
however, some bad smells may not contribute significantly at the
multivariate level, so we do not include them in the multivariate
model.

Univariate Multinomial Regression (UMR) test was done to
examine whether there was any significant association between a
Bad code smell and various error severity levels. Significant Bad
code smells were used for next step of analysis. Multinomial
Multivariate Logistic Regression (MMLR) was used to predict
class error probability in each error category.

We reject Hypothesis 1-3, if one or more bad smells enter the
MMLR model at 95% significance level, i.e. the P-value < 0.05.
The general MMLR model (the UMR model is a special case of
MMLR when n is one) is as follows:

edjlx)
(Y =jlXp Xy, X)) = T edi(®)
k=0
where
vector By = ﬂ,and

g(x) = D,g}-(x:] =By +By*X; + By *X,+___+B,*k,
is the logit function for category j;

m: the number of categories; [[the probability of error in
category j;

Y: the dependent variable—it is a categorical variable;

Xi (1 <= i<= n): are the independent variables, which are the
Bad code smells investigated in this study;

Bji (0<= i<= n) are the estimated coefficients from maximizing
the log-likelihood.

V. DATACOLLECTION

We collected errors for three releases of Rhino project version
1.5, 1.6 and 1.7 using the FindBugs[10] tool. FindBugs is a
program which uses static analysis to look for bugs in Java code.
FindBugs gives list of probable bugs or errors along with their
package name, class name and method name. After that we
collected the Bad code smells for all the three versions of Rhino
using the Together[7] tool. Together tool is a plugin in eclipse for
finding the Bad code smells. Bad code smells used in study are
SS, FE, RB, GC, GM, ISP Violations and LMC. Next we
associated errors with each class in Bad code smell list. Each
class was marked erroneous if at least one error was found and
not erroneous if no error was found. After this we further
categorized the classes under the error category namely- high,
Medium or Low.

VI. ANALYSIS AND RESULT

In analyzing the relationship between bad smells and class error
proneness, under each severity level it is important to know the
distribution of errors and bad smells in the three releases.
Therefore, we report these distributions in Tables | and I1.

Table 1l shows the number of classes that had bad smells. We
also provided the total number of classes that had Bad code
smells in each release in the last row of the table.

Table I:Distribution of Errors

Error Rhino Rhino 1.6 | Rhino
15 1.7

High 5 6 7

Medium 8 9 14

Low 39 44 78

Total no. of | 156 154 232

error

No. of error | 52 59 89

prone classes

Total classes 260 274 630

Table Il: Distribution of Bad code Smells

Bad Smell Rhino 1.5 Rhino 1.6 | Rhino 1.7
SS 20 27 44

FE 36 42 45

RB 5 20 41

GC 17 18 22

GM 57 74 80

LMC 5 10 35

ISP 16 22 18

Total 156 213 285
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A. The selection of the significant Bad code smells

We use the UMR (Univariate Multinomial Regression) analysis
to investigate whether the seven bad code smells(SS, FE, RB,
GC, GM, LMC,ISP)are associated with the three error-severity
categories. A bad code smell is significantly associated with an
error-severity category if its P-value in the UMR analysis is less
than 0.05 in all the three severity levels i.e. High, Low and
Medium.

Table Il shows the results of the MMLR test after the
insignificant bad smells were eliminated. We used 0.05 as the
cutoff P-value. In the table below the insignificant Bad code

Intercept -2.295 .000
Low SS 1.206 .078
GC 1.706 .074
GM 2.539 .000
Intercept -4.829 .000
Medium SS 3.275 .000
GC 1.416 .249
GM 3.097 .000

Table V: Mmlr Analysis for Rhino 1.6

smells have been highlighted as these are the smells with Error B Significance
significance value more than 0.005, so they have been left out of Category
the MMLR Analysis. The FE (Feature Envy) and RB(Refused Intercept 6.722 000
Bequest) have been identified as insignificant. High SS 3.677 006
o o ' _ GM 2.340 .000
Table 111: Univariate Multinomial Regression Analysis Intercept 1.952 000
_ _ _ Low SS 1.343 .005
Bad Cat | Rhino 1.5 Rhino 1.6 Rhino 1.7 GM 0.988 000
Smell - _ i i . )
" ey | B Sig. | B Sig. | B Sig. Intercept | -5.140 | .000
Medium SS 2.819 .003
Ss H [3169 |[0000 [ 2055 | 0024 |[2592 [ 0.000
L | 1272 |0031 |139 |0003 | 1566 | 0.000 GM 2.009 .000
M | 2904 | 0000 | 2055 | 0007 | 2592 | 0.000
FE H | 0783 | 0002 | 0706 | 0010 | 0502 | 0035 Table VI: Mmlr Analysis for Rhino 1.7
L |0347 |0160 | 0398 | 0110 | 0250 | 0.263
M | 0602 |0024 |0638 |0019 | 0531 |0.011 Error B Significance
RB H | -16.157 - 2876 | 00022 | -16.601 | - Category
L 1316 | 0157 | 1.218 | 0.189 0817 | 0.227 :
High Intercept -5.058 .000
M | -16.157 | 0.999 | -16.506 | - 0920 | 0.176
GC H | 23973 4499 | 0.000 | 3.983 | 0.000 53 2.165 000
L |3200 |0000 |2383 |0001 |3255 | 0.000 GC 3.372 001
M | 3546 | 0001 |4190 | 0000 |4312 | 0.000 Intercept -2.345 .000
GM H |418 [ 0000 | 2126 |0000 | 1375 | 0.000 Low SS 1.144 002
L |283 |[0000 | 1067 |0000 |1.073 | 0.000 GC 2.970 .000
M | 3301 | 0000 | 1916 | 0000 | 1375 | 0.000 Intercept -4.455 .000
LMC |H | 3258 | 00014 | 1351 | 0.045 | 1142 | 0.020 Medium SS 2.134 .000
L -17.447 - -19.552 - 0.816 0.016 GC 3.706 .000
M | 3546 | 0001 | 0805 | 0339 |1380 | 0.000
ISP ti iég 8.8% é%gg 8?5732 ggzg 8-888 In Rhino 1.5, SS and GM Bad code smells are significant
: : : : : : predictors of class error probabilities in the two error categories-
M| 35% 0000 | 2237 0.001 3191 0.000 High and Medium and GM Bad Code smell was a significant

To select an optimal set of independent variables, we perform
MMLR (Multivariate Logistic Regression) on the set of bad code
smells that have been selected from the above table to generate
the models. The final MMLR Analysis are shown in Table 1V to
VI. Each table shows the coefficient (B) and P-value
(Significance) of bad code smells included in the study. In the
table, we have highlighted the bad code smells that have
significance more than 0.05, signifying they are being not the
good predictors for error proneness.

Error B Significance
Category

Intercept -29-611 .000
High SS 4.704 .019

GC 22.947 .

GM 4.762 0.000

predictor in the Low error Category. In Rhino 1.6, SS and GM
are significant predictors of class error probabilities for all the
three error categories. In Rhino 1.7, two Bad code smells namely
SS and GC were significant predictors of class error probabilities
for all error categories.
B. Models’ Accuracy Evaluation

We learned through the MMLR analysis that we could use some
Bad code smells to predict class error-proneness in the post-
release evolution of Rhino. This strong association suggests
some errors in the source code are indeed related to the design
structure of the system (at the class level) in the development as
well as the post-release evolution phase of a system.

We use the area under Receivable Operating Characteristics
(ROC) curve to evaluate the classification accuracy of MLR.
This area measures the association between the observed
responses and the predicted probabilities from the model
application. The ROC curve plots the probability of detecting
true-positives (sensitivity- The sensitivity is the percentage of the
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correctly predicted classes in theerror category; it is the
complement of the Type Il error rate.) and false-positives (1 —
specificity), the specificity is the percentage of the correctly
predicted classes in the no-error category; it is the complement of
the Type | error rate, for an entire range of cutoff points. The
area under ROC curve ranges between 0 and 1; it measures the
discrimination power of the models.

The general rule to evaluate the discrimination is:

If 0.5 <= ROC < 0.6: no discrimination

If 0.6 <= ROC < 0.7: poor discrimination

If 0.7 <= ROC < 0.8: good discrimination

If 0.8 <= ROC < 0.9: excellent discrimination

If 0.9 <= ROC < 1.0: outstanding discrimination

Table VII: Area under Roc curve for Mmlr models.

Rhino Version High Low Medium
Rhino 1.5 0.998 0.319 0.828
Rhino 1.6 0.976 0.347 0.845
1Rhino.7 0.75 0.404 0.725
1.0 |
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Figure 1 Rhino 1.5 High Category.
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Figure 2 Rhino 1.5 Low Category.
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Figure 3 Rhino 1.5 Medium Category.
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Figure 4 Rhino 1.6 High Category.

1.0+
208
=
S 0.6
w
C 0.4
@

AN

0.0

1 I T I I T
00 02 04 06 OB 1.0
1 - Specificity

Figure 5 Rhino 1.6 Low Category.
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Figure 6 Rhino 1.6 Medium Category.
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Figure 7 Rhino 1.7 High Category.
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Figure 9 Rhino 1.7 Medium Category.

C. Evaluating models on successive releases

Because our goal was to predict the error-prone classes, we
experimented with the use of the prediction model in one release
to predict the error-prone classes in the future releases. We
applied the Rhino 1.5 prediction model to the Rhino 1.6 and
Rhino 1.7 data, Rhino 1.6 prediction model to the Rhino 1.5 and
Rhino 1.7 data and Rhino 1.7 prediction model to the Rhino 1.5
and Rhino 1.6 data. Table VIII shows the results.

Table VI1II: Application of MmlIr models on other releases

Data/Model | Category Rhino Rhino Rhino
15 1.6 1.7
High 0.998 0.993 0.949
Rhino 1.5 Low 0.319 0.306 0.405
Medium 0.828 0.822 0.713
High 0.974 0.976 0.841
Rhino 1.6 Low 0.356 0.347 0.406
Medium 0.702 0.845 0.684
High 0.816 0.820 0.75
Rhino 1.7 Low 0.387 0.379 0.404
Medium 0.412 0.723 0.725

Table VIII shows application of MMLR model on other two
releases of Rhino data. From the results, we can analyze that
model for all the three versions of Rhino 1.5, 1.6 and 1.7 gave
very good results in the high category, the values were mostly
above 0.9. For the versions under the medium category, the ROC
curve gave good discrimination as the values ranged between
0.70 and 0.85.But for low category model, for all the three
versions the result is far below satisfaction level i.e. between 0.3
and 0.4.

VII. CONCLUSION

In this paper we have discussed software maintainability and
how it can be achieved using refactoring techniques. The Bad
code smells discussed help the developers in deciding whether to
refactor a certain part of the software. We investigated whether
the Bad code smells could predict the class error probability in
the three error-severity levels in the post-release evolution of
Rhino and found that some Bad code smells could still predict
class error probability. Table IV-VI gave the Analysis model for
error prediction. For checking the error prediction accuracy we
have formed the ROC curves. ROC curves for MMLR model
gave very good results in the high and medium error categories
but unsatisfactory results for the low category.. And when one
model is applied on other version’s data, results were satisfactory
(Table VIII) as it closely matched with the values of predicted
model value (Table VII). So, we can conclude that predicted
models can work satisfactorily for predicting the errors in
general. The finding also suggests that refactoring a class,
besides improving the architectural quality, reduces the
probability of the class having errors in the future.

VIII.

We have collected errors with the help of open source software
FindBugs. We make no claims about errors discovered using
software. The Bad code smell data were collected with the help
of Together tool. We make no claims about the accuracy of these
tools but we believe that the Bad code smell data collected were
consistent.
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