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Abstract

Many object-oriented metrics have been proposed, and at least fourteen empirical validations of these
metrics have been performed.  However, recently it was noted that without controlling for the effect of
class size in a validation study, the impact of a metric may be exaggerated.  It thus becomes necessary
to re-validate contemporary object-oriented metrics after controlling for size.  In this paper we perform a
validation study on a telecommunications C++ system.  We investigate 24 metrics proposed by
Chidamber and Kemerer and Briand et al.. Our dependent variable was the incidence of faults due to
field failures (fault-proneness).  Our results indicate that out of the 24 metrics (covering coupling,
cohesion, inheritance, and complexity), only four are actually related to faults after controlling for class
size, and that only two of these are useful for the construction of prediction models.  The two selected
metrics measure coupling.  The best prediction model exhibits high accuracy.

1 Introduction
A large number of object-oriented class metrics have been proposed over the last decade, for example
[6][2][10][19][44][43][17][15][35][60].  The basic premise behind the development of object-oriented
metrics is that they can serve as early predictors of classes that contain faults (found during testing or that
result in field failures) or that are costly to maintain.  A growing body of work has attempted to empirically
validate this premise, for example [2][17][1][10][12][14][43][21][34][49][60][6][16][7].

A typical empirical validation of object-oriented metrics proceeds by investigating the relationship between
each metric and the outcome of interest.  In our case we will consider only fault-proneness as an
outcome.1  If this relationship is found to be statistically significant, then the conclusion is drawn that the
metric is empirically validated. For example, recent studies used the bivariate correlation between object-
oriented metrics and the number of faults to investigate the validity of the metrics [34][7].  Also, univariate
logistic regression models are used as the basis for demonstrating the relationship between object-
oriented metrics and fault-proneness in [2][14][12][60].

However, this validation approach completely ignores the confounding effect of class size.  This can be
illustrated with reference to Figure 1.  Path (a) is the main hypothesized relationship between the object-
oriented metric and fault-proneness.  Here we see that class size (for example, measured in terms of
SLOC) is associated with the object-oriented metric (path (c)).  Evidence supporting this for many
contemporary object-oriented metrics is found in [14][12][17].  Also, class size is known to be associated
with the incidence of faults in object-oriented systems, path (b), and is supported in [17][33][14].  The
pattern of relationships shown in Figure 1 exemplifies a classical confounding effect [55][8].  This means
that the relationship between the object-oriented metric and fault-proneness will be inflated due the effect
of size.  This also means that without controlling for the effect of class size, previous validation studies
have been optimistic about the validity of the object-oriented metrics that they investigated.

A recent study highlighted this potential confounding effect [25] and demonstrated it on the Chidamber
and Kemerer metrics [19] and a subset of the Lorenz and Kidd [44] metrics.  Specifically, this

                                                          
1 We define fault-proneness as the probability of a class having a fault.
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demonstration showed that without controlling for the confounding effect of class size one obtains results
that are consistent with previous empirical validation studies.  After controlling for class size, all the
metrics that were studied were no longer associated with fault-proneness.  This made clear that it is
necessary to update our knowledge about the validity of object-oriented metrics through new validation
studies that account for class size.

In this paper we perform a validation study on a C++ telecommunications systems using the Chidamber
and Kemerer metrics [19] and the Briand et al. metrics [10].  Although these metrics have been
empirically evaluated in the past (e.g., [2][14][10][12]), these studies did not control the effect of class
size, and it therefore becomes necessary to revisit them and perform further validations.

Briefly, our results indicate that out of the 24 object-oriented metrics that we study, only four are
associated with fault-proneness after accounting for the influence of size, and only two are useful for the
construction of prediction models to identify classes that are fault-prone.  Both are coupling metrics: CBO
and ACMIC.

O-O
Metric

Fault-Proneness

Size

(a)

(b)

(c)

Figure 1: Path diagram illustrating the confounding effect of class size on the validity of object-oriented
metrics.

The paper is organized as follows.  In the next section we provide an overview of the object-oriented
metrics that we evaluate, and our hypotheses. In Section 3 we present our research method in detail, and
in Section 4 the detailed results, their implications, and limitations. We conclude the paper in Section 5
with a summary and directions for future research.

2 Background
In our study we consider two sets of metrics, those of Chidamber and Kemerer [19] and those of Briand et
al. [10].  We summarize these metrics in this section.

2.1 The Chidamber and Kemerer Metrics
2.1.1 WMC

This is the Weighted Methods per Class metric [19], and can be classified as a traditional complexity
metric.  It is a count of the methods in a class.  The developers of this metric leave the weighting scheme
as an implementation decision [19].  We weight it using cyclomatic complexity as did [43].  However, other
authors did not adopt a weighting scheme [2][60].  Methods from ancestor classes are not counted and
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neither are “friends” in C++. This is similar to the approach taken in, for example, [2][20].  To be precise,
WMC was counted after preprocessing to avoid undercounts due to macros [22].2

2.1.2 DIT

The Depth of Inheritance Tree [19] metric is defined as the length of the longest path from the class to the
root in the inheritance hierarchy.  It is stated that as one goes further down the class hierarchy the more
complex a class becomes, and hence more fault-prone.

2.1.3 NOC

This is the Number of Children inheritance metric [19].  This metric counts the number of classes which
inherit from a particular class (i.e., the number of classes in the inheritance tree down from a class).

2.1.4 CBO

This is the Coupling Between Object Classes coupling metric [19]. A class is coupled with another if
methods of one class use methods or attributes of the other, or vice versa. In this definition, uses can
mean as a member type, parameter type, method local variable type or cast.  CBO is the number of other
classes to which a class is coupled.  It includes inheritance-based coupling (i.e., coupling between
classes related via inheritance).

2.1.5 RFC

This is the Response for a Class coupling metric [19]. The response set of a class consists of the set M of
methods of the class, and the set of methods invoked directly by methods in M (i.e., the set of methods
that can potentially be executed in response to a message received by that class).  RFC is the number of
methods in the response set of the class.

2.1.6 LCOM

This is a cohesion metric that was defined in [19]. This measures the number of pairs of methods in the
class using no attributes in common minus the number of pairs of methods that do.  If the difference is
negative it is set to zero.

2.2 The Briand et al. Coupling Metrics
These coupling metrics are counts of interactions between classes. The metrics distinguish between the
relationship amongst classes (i.e., friendship, inheritance, or another type of relationship), different types
of interactions, and the locus of impact of the interaction [10].

The acronyms for the metrics indicate what types of interactions are counted:

•  The first or first two letters indicate the relationship (A: coupling to ancestor classes; D: Descendents;
F: Friend classes; IF: Inverse Friends; and O: other, i.e., none of the above)

•  The next two letters indicate the type of interaction between classes c and d (CA: there is a class-
attribute interaction between classes c and d if c has an attribute of type d; CM: there is a class-
method interaction between classes c and d if class c has a method with a parameter of type class d;
MM: there is a method-method interaction between classes c and d if c invokes a method of d, or if a
method of class d is passed as parameter to a method of class c).

•  The last two letters indicate the locus of impact (IC: Import Coupling; and EC: Export Coupling). A
class c exhibits import coupling if it is the using class (i.e., client in a client-server relationship), while
it exhibits export coupling if is the used class (i.e., the server in a client-server relationship).

Based on the above, the authors define a total of 18 different coupling metrics.

                                                          
2 Note that macros embodied in #ifdef’s are used to customize the implementation to a particular platform.  Therefore, the method is
defined at design time but its implementation is conditional on environment variables.  Not counting it, as suggested in [20],  would
undercount methods known at design time.
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2.3 Hypotheses

Structural Class
Properties

(e.g., coupling)

Cognitive
Complexity

External Attributes
(e.g., fault-proneness,

maintainability)

affect
affect

indicate

Figure 2: Theoretical basis for the development of object oriented product metrics.

An articulation of a theoretical basis for developing quantitative models relating object-oriented metrics
and external quality metrics has been provided in [12], and is summarized in Figure 2.  There, it is
hypothesized that the structural properties of a software component (such as its coupling) have an impact
on its cognitive complexity.  Cognitive complexity is defined as the mental burden of the individuals who
have to deal with the component, for example, the developers, testers, inspectors, and maintainers.  High
cognitive complexity leads to a component exhibiting undesirable external qualities, such as increased
fault-proneness and reduced maintainability.

Therefore, our general hypothesis is that the metrics that we validate, and that were described above, are
positively associated with the fault-proneness of classes.  This means that higher values on these metrics
represent structural properties that increase the probability that a class will have a fault that causes a field
failure.

2.4 Empirical Validations of Metrics
Since our focus in this paper is with fault-proneness (as opposed to maintainability or cost of rework for
example), we will only consider studies that evaluate the relationship between the above object-oriented
metrics and fault-proneness.

To our knowledge, the only study that validated any of the above metrics after controlling for the effect of
class size is [25].  This study was performed with telecommunications software written in C++, and only
the Chidamber and Kemerer metrics were evaluated (i.e., not the Briand et al. metrics).  It was found that
after controlling for size, none of the metrics were associated with fault-proneness.  It is therefore of
importance to perform further validations to determine if these results hold, and to expand the scope of
enquiry to cover other metrics.  This is the purpose of our study.

3 Research Method
3.1 Data Source and Measurement
The data set that we used comes from the development of a telecommunications system developed in
C++, and has been in operation for approximately seven years.  This system has been deployed around
the world in multiple sites.  In total six different developers had worked on its development and evolution.
It consists of 85 different classes that we analyzed.

All of the object-oriented metrics mentioned above were collected from the source code using a static
analysis tool.  The class size measure that we used is source lines of code: SLOC.  Since the system has
been evolving in functionality over the years, we selected a specific version for analysis where reliable
fault data could be obtained.

Fault data was collected from the configuration management system.  This documented the reason for
each change made to the source code, and hence it was easy to identify which changes were due to
faults. We focused on faults that were due to failures reported from the field. In total, 31 classes had one
or more fault in them that was attributed to a field failure.  It has been argued that considering faults
causing field failures is a more important question to address than faults found during testing [7]. In fact, it
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has been argued that it is the ultimate aim of quality modeling to identify post-release fault-proness [27].
In at least one study it was found that pre-release fault-proneness is not a good surrogate measure for
post-release fault-proness, the reason posited being that pre-release fault-proness is a function of testing
effort [29].

3.2 Data Analysis Methods
Our data anslysis approach consists of two stages. In the first stage we evaluate the relationship between
each of the object-oriented metrics and fault-proneness after controlling for the size effect. In the second
stage we construct prediction models with the validated metrics from the first stage.  For both of these we
use logistic regression as the modeling technique.  Below we explain the analysis procedures used for
both.

3.2.1 Evaluating the Relationship with Fault-Proneness

3.2.1.1 Logistic Regression Model

Binary logistic regression (henceforth LR) is used to construct models when the dependent variable is
binary, as in our case. The general form of an LR model is:











+− ∑

+

=
=

k

i
ii x

e 1
0

1

1

ββ
π Eqn. 1

where π  is the probability of a class having a fault, and the ix ’s are the independent variables.  The β
parameters are estimated through the maximization of a log-likelihood [36].

As noted in [25], it is necessary to control for the confounding effect of class size when validating object-
oriented metrics. A measured confounding variable can be controlled through a regression adjustment
[8][55].  A regression adjustment entails including the confounder as another independent variable in a
regression model.  Our logistic regression model is therefore:

( )22101

1
xxie βββπ ++−+

= Eqn. 2

where 1x  is the object-oriented metric being validated, and 2x  is size, measured as SLOC.  We construct

such a model for each object-oriented metric being validated.

It should be noted that the object-oriented metric and the size confounding variable are not treated
symmetrically in this model.  Specifically, the size confounder (i.e., variable 2x ) should always be
included in the model, irrespective of its statistical significance [8].  If inclusion of the size confounder
does not affect the parameter estimate for the object-oriented metric (i.e., variable 1x ), then we still get a
valid estimate of the impact of the metric on fault-proneness.  The statistical significance of the parameter
estimate for the object-oriented metric, however, is interpreted directly since this is how we test our
hypotheses.

In constructing our models, we follow previous literature in that we do not present results for interactions
nor higher order terms (for example, see [25][2][6][10][11][12][14][60]).  This is to some extent justifiable
given that as yet there is no clear theoretical basis to assume any of the above.

The magnitude of an association can be expressed in terms of the change in odds ratio as the 1x  variable

(i.e., object-oriented metric) changes by one standard deviation, and is denoted by ∆Ψ . This is given by:

( )
( )

σβσ
1

1

1 e
x

x
=

Ψ
+Ψ

=∆Ψ Eqn. 3

where σ  is the standard deviation of the 1x  variable, and Ψ  is the odds ratio.
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3.2.1.2 Diagnosing Collinearity

Since we control for the size confounder through regression adjustment, careful attention should be paid
to the detection and mitigation of potential collinearity.  Strong collinearity can cause inflated standard
errors for the estimated regression parameters.

Previous studies have shown that outliers can induce collinearities in regression models [45][54].  But
also, it is known that collinearities may mask influential observations [3].  This has lead some authors to
recommend addressing potential collinearity problems as a first step in the analysis [3], and this is the
sequence that we follow.

Belsley et al. [3] propose the condition number as a collinearity diagnostic in the case of ordinary least

squares regression3  First, let ˆ  be a vector of the LR parameter estimates, and X  is a )1( +× kn

matrix of the ijx  raw data, with ni �1=  and kj �1= , where n  is the number of observations and k

is the number of independent variables.  Here, the X  matrix has a column of ones to account for the fact
that the intercept is included in the models.

The condition number can be obtained from the eigenvalues of the XXT  matrix as follows:

min

max

µ
µη = Eqn. 4

where minmax µµ ≥≥�  are the eigenvalues.  Based on a number of experiments, Belsley et al. suggest

that a condition number greater than 30 indicates mild to severe collinearity.

Belsley et al. emphasize that in the case where an intercept is included in the model, the independent
variables should not be centered since this can mask the role of the constant in any near dependencies.
Furthermore, the X  matrix must be column equilibrated, that is, each column should be scaled for equal
Euclidean length.  Without this, the collinearity diagnostic produces arbitrary results.  Column equilibration

is achieved by scaling each column in X , jX , by its norm [4]: jj XX .

This diagnostic has been extended specifically to the case of LR models [23][61] by capitalizing on the
analogy between the independent variable cross-product matrix in least-squares regression to the
information matrix in maximum likelihood estimation, and therefore it would certainly be parsimonious to
use the latter.

The information matrix in the case of LR models is [36]:

( ) XVXI ˆˆˆ T= Eqn. 5

where V̂  is the diagonal matrix consisting of ( )iiii ππ ˆ1ˆ −  where iiπ̂  is the probability estimate from the

LR model for observation i . Note that the variance-covariance matrix of ˆ  is given by ( )I ˆˆ 1− .  One can
then compute the eigenvalues from the information matrix after column equilibrating and compute the
condition number as in Eqn. 4.  The general approach for non-least-squares models is described by
Belsley [5].  In this case, the same interpretive guidelines as for the traditoinal condition number are used
[61].

We therefore use this as the condition number in diagnosing collinearity in our models that include the
size confounder, and will denote it as LRη .  In principle, if severe collinearity is detected we would use
logistic ridge regression to estimate the model parameters [53][54].  However, since we do not detect
severe collinearity in our study, we will not describe the ridge regression procedure here.

                                                          
3 Actually, they propose a number of diagnostic tools.  However, for the purposes of our analysis with only two independent
variables we will consider the condition number only.
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3.2.1.3 Hypothesis Testing

The next task in evaluating the LR model is to determine whether any of the regression parameters are
different from zero, i.e., test 0: 210 ==== kH βββ � . This can be achieved by using the likelihood

ratio G  statistic [36].  One first determines the log-likelihood for the model with the constant term only,

and denote this 0l  for the ‘null’ model. Then the log-likelihood for the full model with the k  parameters is

determined, and denote this kl . The G  statistic is given by ( )02 llk −  which has a 2χ  distribution with

k  degrees of freedom.4

If the likelihood ratio test is found to be significant at an 05.0=α  then we can proceed to test each of

the individual coefficients. This is done using a Wald statistic, ( )j

j

es β
β

ˆ..

ˆ
, which follows a standard normal

distribution.  These tests were performed at a one-tailed alpha level of 0.05.  We used one-tailed test
since all of our alternative hypotheses are directional: there is a positive association between the metric
and fault-proneness.

In previous studies another descriptive statistic has been used, namely an 2R  statistic that is analogous
to the multiple coefficient of determination in least-squares regression [14][12].  This is defined as

0

02

l

ll
R k−

=  and may be interpreted as the proportion of uncertainty explained by the model. We use a

corrected version of this suggested by Hosmer and Lemeshow [2].  It should be recalled that this
descriptive statistic will in general have low values compared to what one is accustomed to in a LS

regression.  In our study we will use the corrected 2R  statistic as an indicator of the quality of the LR
model.

3.2.1.4 Influence Analysis

Influence analysis is performed to identify influential observations (i.e., ones that have a large influence
on the LR model).  This can be achieved through deletion diagnostics.  For a data set with n
observations, estimated coefficients are recomputed n  times, each time deleting exactly one of the
observations from the model fitting process.  Pergibon has defined the β∆  diagnostic [50] to identify

influential groups in logistic regression.  The β∆  diagnostic is a standardized distance between the

parameter estimates when a group of observations with the same ix  values are included and when they

are not included in the model.

We use the β∆  diagnostic in our study to identify influential groups of observations.  For groups that are
deemed influential we investigate this to determine if we can identify substantive reasons for the
differences.  In all cases in our study where a large β∆  was detected, its removal, while affecting the
estimated coefficients, did not alter our conclusions.

3.2.2 Prediction Model Evaluation

By building and testing the model described in Section 3.2.1.1, we can identify the individual metrics that
are associated with fault-proneness.  The next step is to combine these metrics into a multivariate LR
model.5  Such a model follows the same formulation as in Section 3.2.1.1.  The prediction model can be

                                                          
4 Note that we are not concerned with testing whether the intercept is zero or not since we do not draw substantive conclusions from
the intercept in a validation study.  If we were, we would use the log-likelihood for the null model which assigns a probability of 0.5 to
each response.
5 In principle, we could have just used an automated selection procedure to identify the useful metrics for prediction out of the set of
24.  However, a Monte Carlo simulation of forward selection indicated that in the presence of collinearity amongst the independent
variables, the proportion of ‘noise’ variables that are selected can reach as high as 74% [24]. Furthermore, some general guidelines
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practically applied in identifying which classes are likely to contain a fault. In this subsection we explain
how we evaluate the accuracy of the prediction model.

3.2.2.1 Accuracy Estimation Approach

There are a number of different approaches that can be used for estimating the accuracy of a prediction
model, for example, using a hold-out sample, bootstrapping, or leave-one-out cross-validation.  It has
been recommended that in studies where sample sizes are less than 100, as in our case, a leave-one-out
approach provides reliable estimates of accuracy [62], and therefore we use this approach for accuracy
estimation.

3.2.2.2 Some Notation

It is common that prediction models using object-oriented metrics are cast as a binary classification
problem.  We first present some notation before discussing accuracy measures.

Table 1 shows the notation in obtained frequencies when a binary classifier is used to predict the class of
unseen observations in a confusion matrix.  We consider a class as being high risk if it has a fault and low
risk if it does not have a fault.

Predicted Risk
Low High

Real Risk Low n11 n12 N1+

High n21 n22 N2+

N+1 N+2 N

Table 1: Notation for a confusion matrix.

Such a confusion matrix also appears frequently in the medical sciences in the context of evaluating
diagnostic tests (e.g., see [30]).  Two important parameters have been defined on such a matrix that will
be used for our exposition, namely sensitivity and specificity.6

The sensitivity of a binary classifier is defined as:

2221

22

nn

n
s

+
= Eqn. 6

This is the proportion of high risk classes that have been correctly classified as high risk classes.

The specificity of a binary classifier is defined as:

1211

11

nn

n
f

+
= Eqn. 7

This is the proportion of low risk classes that have been correctly classified as low risk classes.

Ideally, both the sensitivity and specificity should be high.  A low sensitivity means that there are many
low risk classes that are classified as high risk.  Therefore, the organization would be wasting resources
reinspecting or focusing additional testing effort on these classes.  A low specificity means that there are
many high risk classes that are classified as low risk.  Therefore, the organization would be passing high

                                                                                                                                                                                          
on the number of variables to consider in an automatic selection procedure given the number of ‘faulty classes’ are provided in [32].
We have a much larger number of variables than these guidelines.  Therefore, clearly the variables selected through such a
procedure should not be construed as the best object-oriented metrics nor even as good predictors of fault-proneness.
6 The terms sensitivity and specificity were originally used by Yerushalmy [63] in the context of comparing the reading of X-rays, and
have been used since.
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risk classes to subsequent phases or delivering them to the customer.  In both cases the consequences
may be expensive field failures or costly defect correction later in the life cycle.

3.2.2.3 Common Measures of Accuracy

Common measures of accuracy for binary classifiers that have been applied in software engineering are
the proportion correct value, reported in for example [1][41][56] (also called correctness in [51][52]),
completeness, for example [9][51] (which is equal to the senstivity), correctness which is the true positive
rate [9][12][13][14] (also called consistency in [51][52]), the Kappa coefficient [12][14], Type I and Type II
misclassifications [37][38][40][39] (Type I misclassification rate is f−1 , and the Type II misclassification

rate is s−1 ), and some authors report sensitivity and specificity directly [1].

Proportion correct  is an intuitively appealing measure of prediction performance since it is easy to
interpret.  With reference to Table 1, it is defined as:

N

nn 2211 + Eqn. 8

However, in [26] it was shown that such an accuracy measure does not provide generalisable results.
This can be illustrated through an example.  Consider a classifier with a sensitivity of 0.9 and a specificity
of 0.6, then the relationship between the prevalence of high risk classes in the data set and proportion
correct is as depicted in Figure 3.  Therefore, if we evaluate a classifier with a data set where say 50% of
the classes are high risk then we would get a proportion correct value of 0.75.  However, if we take the
same classifier and apply it to another data set with say 10% of the classes are high risk, then the
proportion correct accuracy is 0.63.7  Therefore, proportion correct accuracy is sensitive to the proportion
of high risk components (i.e., prevalence of high risk components), which limits its generalisability.
Similar demonstrations were made for other measures of accuracy, such as correctness and Kappa [26].

Prevalence
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n
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o
rr
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0.56
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0.68

0.74

0.80

0.86

0.92

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Figure 3: Relationship between prevalence (the proportion of high risk classes) and proportion correct for
a classifier with sensitivity of 0.9 and specificity of 0.6.

                                                          
7 This is based on the assumption that sensitivity and specificity are stable. If this assumption is not invoked then there is no reason
to believe that any results are generalisable, irrespective of the accuracy measure used.
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Therefore, accuracy measures based on sensitivity and specificity are desirable (such as Type I and Type
II misclassification rates).  However, it is also desirable that a single accuracy measure be used, as
opposed to two.  The reason is best exemplified by the results in [39].  Here the authors were comparing
nonparametric discriminant analysis with case-based reasoning classification.  The Type I
misclassification rate was lower for discriminant analysis, but the Type II misclassification rate was lower
for the case-based reasoning classifier.  From these results it is not clear which modeling technique is
superior.  Therefore, using multiple measures of accuracy can give confusing results that are difficult to
interpret.

3.2.2.4 The J Coefficient

The J coefficient of Youdon [64] was suggested in [26] as an appropriate measure of accuracy for binary
classifiers in software engineering.  This is defined as:

1−+= fsJ Eqn. 9

This coefficient has a number of desirable properties.  First, it is prevalence independent.  For example, if
our classifier has specificity and sensitivity equal to 9.0=f  and 7.0=s , then its J  value is 0.6

irrespective of prevalence.  The J  coefficient can vary from minus one to plus one, with plus one being
perfect accuracy and –1 being the worst accuracy.  A guessing classifier (i.e., one that guesses High/Low
risk with a probability of 0.5) would have a J  value of 0.  Therefore, J  values greater than zero indicate
that the classifier is performing better than would be expected from a guessing classifier.

However, when the modeling technique that is being used is logistic regression, the J coefficient has a
disadvantage.  Recall that a logistic regression model makes predictions as a probability rather than a
binary value (i.e., if we use a LR model to make a prediction, the predicted value is the probability of the
occurrence of a fault).  Previous studies have used a plethora of cutoff values to decide what is high risk
or low risk, for example, 0.5 [13][12][2][48], 0.6 [12], 0.65 [12][14], 0.66 [11], 0.7 [14], and 0.75 [14]. In
fact, and as noted by some authors [48], the choice of cutoff value is arbitrary, and one can obtain
different results by selecting different cutoff values (we illustrate this using our results later in the paper).
This creates interpretation difficulties for the J coefficient as well because it requires the continuous
probability prediction to be dichotomized.

3.2.2.5 Receiver Operating Characteristic (ROC) Curves

A general solution to the arbitrary thresholds problem mentioned above is Receiver Operating
Characteristic (ROC) curves [47].  One selects many cutoff points, from 0 to 1 in our case, and calculates
the sensitivity and specificity for each cutoff value, and plots sensitivity against 1-specificity as shown in
Figure 4.  Such a curve describes the compromises that can be made between sensitivity and specificity
as the cutoff value is changed.  The main advantages of expressing the accuracy of our prediction model
(or for that matter any diagnostic test) as an ROC curve are that it is independent of prevalence
(proportion of high risk classes), and therefore the conclusions drawn are general, and it is independent
of the cutoff value, and therefore no arbitrary decisions need be made as to where to cut off the predicted
probability to decide that a class is high risk [65].  Furthermore, using an ROC curve, one can easily
determine the optimal operating point, and hence obtain an optimal cutoff value for an LR model.

For our purposes, we can obtain a summary accuracy measure from an ROC curve by calculating the
area under the curve using a trapezoidal rule [31].  The area under the ROC curve has an intuitive
interpretation [31][59]: it is the estimated probability that a randomly selected class with a fault will be
assigned a higher predicted probability by the logistic regression model than another randomly selected
class without a fault   Therefore, an area under the curve of say 0.8 means that a randomly selected
faulty class has an estimated probability larger than a randomly selected not faulty class 80% of the time.

When a model cannot distinguish between faulty and not faulty classes, the area will be equal to 0.5 (the
ROC curve will coincide with the diagonal).  When there is a perfect separation of the values of the two
groups, the area under the ROC curve equals 1 (the ROC curve will reach the upper left corner of the
plot).
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Therefore, to compute the accuracy of a prediction logistic regression model, we use the area under the
ROC curve, which provides a general and non-arbitrary measure of how well the probability predictions
can rank the classes in terms of their fault-proneness.

Figure 4: Hypothetical example of an ROC curve.

4 Results
4.1 Descriptive Statistics
The descriptive statistics for the object-oriented metrics and the SLOC metric are presented in Table 2.
These include traditional summaries such as the mean and standard deviation.  However, these
summaries can be easily exaggerated by a single or a small number of observations.  More robust
analogs to these are the median and the inter-quartile range (IQR).  The final column gives the number of
observations that do not have zero values.

Two noticable points from this summary are that there does not exist any coupling to friend classes, and
that the LCOM metric has a rather large value.  The reason for the former is that friendship relationships
were not used in the development of this system.  We therefore excluded the friendship metrics from
further analysis.  The reason or the latter is a number of extreme observations (two classes with
extremely high cohesion) that inflated the non-robust measures of central tendency and dispersion.

Variables ACAIC, and DCAEC have less than six observations that are non-zero.  Therefore, they were
excluded from further analysis.  This is the approach followed in other validation studies [14][25].
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Mean Median Std. Dev. IQR NOBS ≠ 0

WMC 16.27 12 17.44 7 85

DIT 0.81 1 0.85 1 49

NOC 0.56 0 1.33 0 17

CBO 13.2 9 9.19 12 85

RFC 35.2 25 35.18 22 85

LCOM 55.56 0 329.287 0 10

OCAIC 1.7 1 2.040 1 66

IFCAIC 0 0 0 0 0

ACAIC 0.023 0 0.216 0 1

OCAEC 1.72 1 4.115 1 58

FCAEC 0 0 0 0 0

DCAEC 0.023 0 0.216 0 1

OCMIC 18.29 11 32.85 9 81

IFCMIC 0 0 0 0 0

ACMIC 0.89 0 1.851 1 27

OCMEC 17.43 6 35.62 8 82

FCMEC 0 0 0 0 0

DCMEC 0.894 0 5.483 0 6

OMMIC 32.87 10 77.39 17 71

IFMMIC 0 0 0 0 0

AMMIC 6.31 1 37.95 3 45

OMMEC 31.92 12 64.84 24 77

FMMEC 0 0 0 0 0

AMMEC 2.2 0 8.874 0 15

SLOC 436 280 492 244 0

Table 2: Descriptive statistics for all of the object-oriented metrics.

4.2 Validation Results
Table 3 contains all of the validation results.  This includes the G value for the test of the overall

hypothesis that the two estimated parameters are equal to zero, the 2R  value, the condition number

LRη , the parameter estimate for the object-oriented metric and its standard error, the one-sided p-value

for the estimated parameter, and the change in odds ratio ∆Ψ .

It can be seen that collinearity was not a problem for any of the models constructed, with the LRη
coefficient being always lower than 30.
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The results for the six Chidamber and Kemerer metrics are consistent with the results we obtained in a
previous study [25].  It was found that after controlling for size, WMC, DIT, RFC, and LCOM were not
associated with fault-proneness.  The NOC metric was not evaluated in the previous study because it had
too few observations, although the results in Table 3 indicate that it is not related to fault-proneness.  The
CBO metric provides an interesting contrast.  In the previous study the CBO metric was found not to be
associated with fault-proneness after controlling for size [25]. Although, out of all the metrics evaluated, it
was the one that was least affected by the control of class size.  In our current study it is clear that CBO is
associated with fault-proneness.

Metric G
(p-value)

R2

LRη Coefficient
(s.e.)

1-sided p-
value

∆Ψ

WMC 13.16;
(0.0014)

0.1179 7.119 0.0724
(0.0548)

0.0933 3.535

DIT 10.71
(0.0047)

0.0959 3.5617 -0.3398
(0.3015)

0.1299 0.7486

NOC 12.16
(0.0023)

0.109 3.303 0.2993
(0.1860)

0.0538 1.489

CBO 33.64
(<0.0001)

0.3016 5.0646 0.1848
(0.0475)

<0.0001 5.475

RFC 11.94
(0.0026)

0.107 5.3048 0.0213
(0.0157)

0.0868 2.118

LCOM 9.11
(0.0105)

0.0848 2.998 0.0258
(0.0215)

0.1151 1.6

OCAEC 23.56
(<0.0001)

0.215 3.77 0.7231
(0.2434)

0.0015 4.59

OCAIC 11.03
(0.004)

0.098 3.386 0.1849
(0.1529)

0.1132 1.4583

OCMIC 9.16
(0.0102)

0.08369 3.8927 0.0012
(0.0171)

0.4727 1.0307

ACMIC 20.95
(<0.0001)

0.1878 3.01598 0.5838
(0.2099)

0.0027 2.947

OCMEC 23.83

(<0.0001)

0.213 3.15 0.0451
0.0200

0.0120 4.99

DCMEC 14.15
(0.0008)

0.1268 3.1376 0.2248
(0.1607)

0.0810 3.429

OMMIC 9.22
(0.01)

0.084 4.15849 -0.0017
(0.0068)

0.4022 0.9077

AMMIC 11.81
(0.0027)

0.1078 3.1679 0.1294
(0.0860)

0.0662 1.7272

OMMEC 20.81
(<0.0001)

0.186 3.258 0.0215
(0.0096)

0.0129 4.02372

AMMEC 14.5
(0.0007)

0.1299 3.188 0.1514
(0.1054)

0.0755 3.832

Table 3: Results of the validation, including the logistic regression parameters and diagnostics.
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The Briand et al. metrics were mostly not associated with fault-proneness except for ACMIC, OCMEC,
OCAEC, and OMMEC.  Table 4 shows the Spearman correlations [57] amongst these three coupling
metrics and Chidamber and Kemerer CBO metric.  We use this type of correlation coefficient since it is
robust to outliers.  It is seen that CBO is associated with all of the export coupling metrics, and that the
three export coupling metrics are strongly associated to each other, suggesting considerable redundancy
and the opportunity for further elimination of metrics.

The change in odds ratio values in Table 3 indicate that CBO has the largest impact on fault-proneness
out of the four validated metrics.  It is therefore prudent to keep CBO.  CBO is a general coupling metric,
incorporating both import and export coupling.8  However, the pattern of correlations that we see in Table
4 indicates that the variation in CBO for our system is dominated by export coupling.

CBO ACMIC OCAEC OCMEC OMMEC

ACMIC 0.12
(0.2558)

1.00

OCAEC 0.32
(0.0027)

-0.08
(0.4919)

1.00

OCMEC 0.36

(0.0007)

0.20
(0.0642)

0.65
(<0.0001)

1.00

OMMEC 0.51
(<0.0001)

-0.15
(0.1786)

0.48
(<0.0001)

0.65
(<0.0001)

1.00

Table 4: Spearman correlations amongst the metrics that were found to be associated with fault-
proneness after controlling for size.  The p-values are two-tailed using the approximation to the t-

distribution (see [58]).

To further investigate the possibility of reducing the number of metrics down from 4, we constructed a
model with only size (SLOC), then size and CBO, then added the ACMIC metric, and then added the two
export coupling metrics.  The results of an analysis of deviance [46] comparing these different models is
shown in Table 5.  This clearly indicates that the three export coupling metrics are not providing additional
information after entering the CBO and ACMIC metrics. We therefore exclude these three variables from
further analysis.9

# Model Deviance p-value

1. SLOC + CBO 24.27315 .000001

2. SLOC + CBO + ACMIC 7.20513 .007272

3. SLOC + CBO + ACMIC + OMMEC + OCMEC + OCAEC 2.62232 .453597

Table 5: Deviance table for different logistic regression models, each time adding new variables.

4.3 Prediction
At this juncture we have identified two metrics that have value additional to class size, and that carry
complementary information about the impact of class structure on fault-proneness.  By constructing
                                                          
8 However, note that CBO is not simply the sum of different coupling metrics, since different types of coupling can occur with the
same class, but are counted only once in CBO.
9 We also evaluated the usefulness of these three export coupling metrics for constructing prediction models (i.e., by evaluating
prediction accuracy), and the results led to the same conclusion: that they do not add value after considering CBO and ACMIC.
Furthermore, the prediction accuracy of models that use these three export coupling metrics are systematically inferior to any model
that incorporates CBO.
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different prediction models and evaluating them, we can further determine whether both of these metrics
are necessary, or whether we can eliminate one of them (if it does not add to prediction accuracy).

We first evaluated the J coefficient for different cutoff values for the predicted probability from the LR
model.  The results are shown graphically in Figure 5 for two different models: numbers 1 and 2 in Table
5.  Two points are clear from this figure.  First, by intelligently selecting the cutoff values, one can easily
increase the J accuracy values.  Second, when we are comparing two models the conclusion is different
depending on which cutoff value one chooses.  It can therefore be seen that the choice of cutoff value
can give different conclusions about the prediction accuracy.  This clarifies why we chose not to rely on
the J coefficient to draw conclusions in our study.

Cut Off

J 
V
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SLOC+CBO
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Figure 5: Variation on the J coefficient value as the cutoff value applied to the logistic regression
prediction is varied.  Note that the values were calculated using the leave-one-out procedure, as

described in Section 3.2.2.1.

The results of evaluating the area under the ROC curve are shown in Table 6 for the model with only
CBO and the model with ACMIC added. As can be seen, the addition of ACMIC improves the prediction
accuracy of the model and therefore this can be considered to be a useful metric to include in the
prediction model.  We conclude then that model number 2 from Table 5 is the best prediction model.
Also, the value of 0.813 indicates that a randomly selected faulty class has an estimated probability that is
larger than a randomly selected not faulty class approximately 81% of the time, indicating a rather good
prediction accuracy for this simple model.

# Model Area Under ROC Curve

1 SLOC + CBO 0.79

2 SLOC + CBO + ACMIC 0.813

Table 6: Area under the ROC curve for the two competing models.

The model 2 parameters from Table 6 are shown in Table 7.  It can be seen that the two object oriented
metrics have sizeable effects in terms of the change in odds ratio parameter.  It will also be noted that the
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SLOC variable is not significant in this model, and in actuality its removal has minor influence on the
prediction accuracy parameters.  However, as noted earlier, it is preferable to include it anyway as its
inclusion provides a more realistic estimate of the object-oriented metrics’ individual influence on fault-
proneness.

G R2

LRη

40.84 (p<0.0001) 0.366 5.369

Intercept SLOC CBO ACMIC

Coefficient -3.46 0.00017 0.178 0.643

1-sided p-value <0.0001 0.4133 0.0003 0.0374

∆Ψ 1.09 5.16 3.29

Table 7: Logistic regression results for the best model.10

Figure 6: ROC curve for the best predictive model: FAULT ~ SLOC + CBO +ACMIC.  The sensitivity and
specificity values are multiplied by 100 in this chart.

                                                          
10 We also constructed the LR model after subtracting the ACMIC value from CBO such that CBO does not account for this type of
import coupling.  The model parameters changed only slightly, and therefore there is no advantage from disentangling the ACMIC
effect from CBO.
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The ROC curve for the best model from Table 6 is shown in Figure 6.11  Given that the curve is above the
diagonal, it is clear that the model provides value above just simple guessing.  The optimal cutoff point for
this model is 0.28.  The optimal point maximizes both sensitivity and specificity.  The optimal sensitivity is
0.84, and the optimal specificity is 0.78.  It should be noted that this optimal point is specific to this model
and data set, but does indicate that the conventional cutoff points for π�  may not necessarily be the best
ones.

In practice, it is also informative to calculate the proportion correct accuracy for a prediction model when
used in a particular context.  The following equation formulates the relationship between sensitivity,
specificity, prevalence of faulty classes, and proportion correct accuracy:

))1(()( hfhsA −×+×= Eqn. 10

where A  is the proportion correct accuracy, and h  is the proportion of faulty classes.  For example, if our
prediction model is to be used on an actual project where only 10% of the classes are expected to have
faults in them, then the proportion correct accuracy would be approximately 0.79.

4.4 Discussion of Results
Our results indicate that, in addition to a simple size metric, the CBO and ACMIC metrics can be useful
indicators of fault-prone classes.  They are both associated with fault-proneness after controlling for size,
and when combined in a multivariate model can provide accurate predictions.  The added advantage of
both of the above metrics is that SLOC and CBO are available in almost all contemporary tools that
collect object-oriented metrics, and the ACMIC metric is quite easy to collect in practice.  Also,
interestingly, a large majority of the remaining metrics that we evaluated were not associated with fault-
proneness after controlling for size.  Hence, the net outcome of our study was to filter out the metrics that
are not useful indicators of fault-proneness.

We have also added to the methodology initially presented in [25] by providing techniques for drawing
general conclusions about the accuracy of prediction models, namely through the use of Receiver
Operating Characteristic curves.

4.5 Limitations
This study has a number of limitations which should be made clear in the interpretation of our results.
These limitations are not unique to our study, but are characteristics of most of the product metrics
validation literature. However, it is of value to repeat them here.

This study did not account for the severity of faults. A failure that is caused by a fault may lead to a whole
network crash or to an inability to interpret an address with specific characters in it.  These types of
failures are not the same, the former being more serious.  Lack of accounting of fault severity was one of
the criticisms of the quality modeling literature in [28].  In general, unless the organization has a reliable
data collection program in place where severity is assigned, it is difficult to retrospectively obtain this data.
Therefore, the prediction models developed here can be used to identify classes that are prone to have
faults that cause any type of failure.

It is also important to note that our conclusions are pertinent only to the fault-proneness dependent
variable, albeit this seems to be one of the more popular dependent variables in validation studies.  We
do not make claims about the validity (or otherwise) of the studied object-oriented metrics when the
external attributes of interest are, for example, maintainability (say measured as effort to make a change)
or reliability (say measured as mean time between failures).

It is unwise to draw broad conclusions from the results of a single study.  Our results indicate that the
general coupling metric, CBO, is associated with fault-proneness.  However, we also concluded that its
influence stems from an association with two export coupling metrics: method-method interactions and
class-method interactions.  We also found that ancestor based class-method import interactions are
important contributors to fault-proneness. While these results provide guidance for future research on the
                                                          
11 Note that in this figure the ROC curve is not smoothed.
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impact of coupling on fault-proneness, they should not be interpreted as the last word on the subject.
Further validations with different industrial systems are necessary so that we can accumulate knowledge
and draw stronger conclusions.

5 Conclusions
In this paper we performed a validation of 24 different object-oriented metrics on a telecommunications
C++ system.  The objective of the validation was to determine which of these metrics were associated
with fault-proneness, and hence can be used for predicting the classes that will be fault-prone.  Our
results indicate that out of the 24 metrics only 4 are associated with fault-proneness, and only two out of
these are useful predictors: CBO and ACMIC.  Furthermore, the prediction model that we constructed
with the remaining two metrics has good accuracy.

While this is a single study, it does suggest that perhaps many of the contemporary object-oriented
metrics may not be associated with fault-proneness, and that good prediction accuracy may be attained
by careful selection of a small number of metrics.  This conclusion is encouraging from a practical
standpoint, and hence urges further studies to corroborate (or otherwise) our findings and conclusions.
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